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Abstract: Accurate and dynamic prediction of water quality indicators is increasingly critical due to rising 
pollution and water resource insecurity, particularly when dealing with high-dimensional, nonlinear time series 
data. Dissolved oxygen (DO), a key indicator of aquatic ecosystem health and pollution, requires high prediction 
accuracy for effective environmental management. This study aims to enhance the accuracy and adaptability of 
DO prediction by addressing the limitations of traditional deep learning methods, such as slow convergence and 
local optima. We propose a novel hybrid optimization framework that combines Nesterov-accelerated Adaptive 
Moment Estimation (Nadam) with the differential evolution algorithm. A dual-population cooperation strategy and 
an information exchange mechanism were incorporated during the training of a long short-term memory (LSTM) 
network to achieve a dynamic balance between global exploration and local exploitation. This improves the 
model’s optimization efficiency and generalization. The research utilized a multivariate water quality time series 
dataset from Kaggle based on official data monitoring. Correlation analysis was conducted to ensure the scientific 
validity and effectiveness of the selected input variables. Experimental results demonstrated that the proposed 
method significantly outperforms traditional optimization strategies for DO prediction. Compared to the original 
Nadam optimizer, it reduced the mean squared prediction error by 47.8%, exhibiting enhanced adaptability and 
robustness in complex pollution scenarios. This study presents an effective optimization strategy to improve LSTM 
performance in water quality forecasting, along with a scalable and interpretable intelligent analysis framework. It 
provides both theoretical and practical support for water quality forecasting, early warning systems, and intelligent 
environmental monitoring.

Keywords: Water quality management; Dissolved oxygen prediction; Hybrid optimization; Nadam; Differential 
evolution

1. Introduction

The accelerating pace of global industrialization and 
urbanization has led to increasingly severe water quality 
deterioration, posing significant threats to aquatic 

ecosystems, biodiversity, and public health.1,2 Among 
various water quality indicators, dissolved oxygen (DO) 
is widely recognized as a core variable for assessing the 
health of water bodies,3 due to its critical role in regulating 
processes such as ecosystem respiration, organic matter 
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decomposition, and nutrient cycling. Hypoxic or anoxic 
conditions can cause aquatic organism mortality and 
even ecosystem collapse. Consequently, developing a 
high-precision, real-time DO prediction method is of 
paramount importance for pollution monitoring, water 
resource management, and early warning systems.4

In recent years, deep learning methods have gained 
significant attention in environmental modeling, 
demonstrating exceptional capabilities in capturing 
nonlinear relationships, particularly within hydrological 
time series analysis.5,6 Among these, long short-term 
memory (LSTM) networks excel at capturing temporal 
dependencies and have been successfully applied in 
various environmental forecasting scenarios.7 However, 
their training process is highly sensitive to optimization 
algorithms. Traditional gradient-based optimizers 
(e.g., stochastic gradient descent, Adam) often converge 
prematurely or become trapped in local optima when 
applied to high-dimensional, noisy environmental 
datasets, thereby limiting model generalization and 
prediction accuracy.8

To address these limitations, this study proposes a 
novel hybrid optimization strategy combining Nesterov-
accelerated Adaptive Moment Estimation (Nadam) 
and differential evolution (DE) to enhance the training 
stability and global search capability of LSTM models for 
DO prediction tasks. Nadam enhances local convergence 
by incorporating a momentum-based mechanism,9 
while DE, a population-based stochastic algorithm, 
enhances global exploration through evolutionary 
and mutation mechanisms.10 A key innovation of this 
study is the introduction of an information exchange 
mechanism (IEM), which enables the Nadam and DE 
sub-populations to share elite solutions during training, 
thereby achieving a dynamic balance between local 
exploitation and global exploration.

Beyond improving DO prediction accuracy, 
the proposed method offers broad applicability for 
environmental modeling. By providing early signals 
of pollution changes and ecological stress, accurate 
DO trend modeling can inform the optimization of 
water treatment strategies, particularly in identifying 
pathways influenced by metal, inorganic, and organic 
pollutants.11,12 Therefore, this study not only extends 
the application boundaries of deep learning in complex 
time series but also provides a novel decision-support 
tool for intelligent pollution control and sustainable 
water resource management.

In summary, the main contributions of this study 
are: (i) proposing a hybrid Nadam –DE optimization 
framework for training LSTM models; (ii) designing 

and introducing an IEM to enhance optimization 
stability and prediction robustness; and (iii) validating 
the method’s superior performance on real-world 
DO prediction tasks. The structure of the article is as 
follows: Section 1 presents the research background and 
motivation (Introduction); Section 2 reviews relevant 
literature and the current state of research (Literature 
Review); Section 3 describes the materials and methods 
employed in the study (Materials and Methods); Section 
4 details the experimental design and results (Results); 
Section 5 discusses the findings (Discussion); Section 6 
explores practical application prospects of this research 
(Practical Applications); and Section 7 summarizes 
the paper and highlights key contributions and future 
research directions (Conclusions).

2. Literature review

In recent years, DO prediction has become a vital 
component of water quality management and ecosystem 
health monitoring. Researchers have extensively 
explored data-driven approaches, including support 
vector machines (SVMs), artificial neural networks, and 
fuzzy linear regression, to address the nonlinearity and 
data scarcity inherent in aquatic systems. For example, 
Ji et al.13 accurately predicted DO concentration in a 
low-oxygen river system using an SVM model in the 
Wenruitang River in China. Khan and Valeo14 developed 
a fuzzy regression framework to handle environmental 
uncertainties, outperforming conventional regression 
techniques by robustly managing sparse datasets and 
systemic complexity. Wu et al.15 integrated sliding 
window techniques with particle swarm optimization 
and backpropagation neural networks to enhance DO 
prediction accuracy. Malek et al.16 applied an SVM 
model to analyze data from two large lakes in Malaysia, 
using the forward selection method to optimize input 
parameters and achieving a prediction accuracy of 74%.

Although traditional forecasting methods, such as 
SVM, show high accuracy with nonlinear problems, 
they have limitations when handling long-term and 
complex time series data. Specifically, they require a 
large number of feature selections and cannot adequately 
capture dynamic changes in time series. To overcome 
these challenges, LSTM has been introduced for DO 
prediction in recent years. Its unique memory unit 
structure effectively captures long-term dependencies 
in DO time series data, improving prediction accuracy. 
For example, Tan et al.17 combined principal component 
analysis with LSTM, achieving a 2.71% reduction in 
mean squared error (MSE) and a 9.03% improvement in 
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mean absolute percentage error compared to standalone 
LSTM models. Hao18 developed a DO prediction method 
combining the maximum information coefficient with 
LSTM neural networks to identify the most influential 
environmental variables. This model outperformed 
traditional statistical methods and other machine learning 
techniques in predictive accuracy. However, LSTM 
models often suffer from slow convergence during 
training. To accelerate this process, many researchers 
employ the Nadam algorithm. For instance, Gandh 
et al.19 designed a hybrid LSTM–gated recurrent unit 
architecture for intelligent aquaculture water quality 
forecasting. Comparative evaluations of optimizers 
(e.g.,  Adaptive Moment Estimation [Adam], Nadam) 
revealed enhanced prediction accuracy and computational 
efficiency across two distinct water quality datasets. Lee 
et al.20 utilized Adam-optimized LSTM to impute missing 
DO values in land-based aquaculture systems, achieving 
an error margin of ~3.25%. Nevertheless, gradient-based 
methods like stochastic gradient descent may converge to 
suboptimal local minima in the non-convex optimization 
landscape of LSTM training. To address this, Shuai 
and Tian21 applied DE to refine LSTM for high-speed 
rail passenger flow prediction, reducing error rates by 
2.3988% relative to baseline LSTM. Similarly, Peng 
et  al.22 deployed DE-optimized LSTM for electricity 
price forecasting, outperforming competing models in 
multi-task scenarios. Although DE excels in global search 
and local optimization, it is less effective than gradient 
optimization in local development.

Compared to the Adam optimizer, Nadam incorporates 
Nesterov momentum, enabling anticipation of the 
gradient direction during parameter updates to accelerate 
convergence and reduce oscillation. In addition, Nadam is 
more stable during training, especially when dealing with 
sparse gradients and dynamic data. However, no prior 
work has combined Nadam with DE to synergize global 
exploration and local exploitation, thereby enhancing 
model optimization. To bridge this gap, this study proposes 
Nadam–DE, a hybrid algorithm leveraging Nadam’s rapid 
local convergence and DE’s global search capabilities 
for aquatic DO prediction. This framework strategically 
balances exploration and exploitation, improving both 
prediction accuracy and training efficiency.

3. Materials and methods

3.1. Basic principles of Nadam and DE algorithm
3.1.1. Nadam
In the field of optimization algorithms, Nadam and 
DE23 represent typical paradigms of gradient-based 

and population-based optimization strategies. Nadam 
is an improved method that introduces the Nesterov 
momentum mechanism into the Adam optimizer, aiming 
to enhance the predictive ability and convergence 
efficiency of parameter updates. The core idea is to 
simultaneously utilize first-order and second-order 
moment estimations to smooth the gradient information 
and predict the future gradient direction through 
Nesterov momentum, resulting in better convergence 
trends and robustness during parameter updates.9

In its parameter update mechanism, the gradient 
is first subjected to first-order moment estimation 
(i.e.,  momentum term) and second-order moment 
estimation (i.e., variance term), calculated as follows:

mt = β1 mt-1 + (1-β1) gt� (I)

Where gt represents the current gradient and β1 is the 
momentum decay factor typically set to 0.9. The second 
moment is calculated as:

v v gt t t� � �� ��� �2 1 2
21 � (II)

Where β2 is the attenuation factor for the second 
moment, usually set to 0.999, and is used to estimate 
the squared mean of the gradient. To avoid deviation, 
Nadam corrects these estimates and introduces a 
modified form of Nesterov momentum:
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Where η denotes the learning rate, ϵ represents 
a numerical stabilizer to avoid zero-division errors 
(e.g.,  1  × 10−8), and ( )

ˆ

2/ 1 t
t tv v β= −  is the corrected 

second moment estimate. Nadam offers advantages such 
as fast convergence and strong adaptability, making it 
especially suitable for gradient dilute sulfur or high-
dimensional continuous space problems. However, 
it relies on gradient information and is susceptible to 
becoming trapped in local optima when faced with 
complex loss functions.

3.1.2. DE
In contrast, the DE algorithm is a population-based, 
heuristic global optimization method that evolves 
better solutions through the simulation of mutation, 
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crossover, and selection operations inspired by natural 
selection. In the mutation stage, DE perturbs the current 
individual using difference vectors randomly selected 
from the population to form an exploratory mutation 
vector. During the crossover stage, the mutation vector 
is combined with the current individual according to a 
specified probability, ensuring diversity in the search 
process. In the selection stage, the algorithm retains 
individuals with better fitness values to proceed to the 
next generation. This strategy enables DE to exhibit 
strong global search capabilities without relying on 
gradient information, making it particularly suitable for 
complex, non-convex, or non-differentiable problems.

However, the local development ability of DE is 
relatively weak.24 Once the solution space begins to 
converge, it often lacks a fine search mechanism. 
Moreover, the computational cost associated with 
population-based evolution can be relatively high. 
Specifically, in the mutation stage, three distinct 
individuals, xr1, xr2, xr3 are selected from the population 
to construct a difference vector. The mutation vector is 
generated as follows:

vi = xr1 + F⋅(xr2-xr3)� (V)

Where F∈ [0,2] is the scaling factor that controls 
the amplitude of the differential disturbance. In the 
crossover operation, the mutation vector is mixed with 
the current individual xi using a crossover probability 
CR∈[0,1] to produce the test vector ui:

u
v if rand CR or j j
x otherwisei j
i j

i j
,

,

,

,
,

�
� ��

�
�

��
rand � (VI)

Here, jrand is a randomly selected index that ensures 
that at least one dimension is inherited from the mutation 
vector. Finally, ui and xi are compared using the fitness 
function. The individuals with better performance are 
retained for the next generation:

x
u if f u f x
x otherwisei

t i i i
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� �
� � � � ��

�
�

��
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,
� (VII)

The DE algorithm is widely used in various complex 
optimization problems due to its simple structure and 
flexible implementation. It performs particularly well in 
scenarios where the search space is complex and gradient 
information is difficult to obtain. However, the pure DE 
method has limited local search ability, and its computational 
cost can be relatively high due to the population evolution 
process, especially in high-dimensional spaces.

In summary, Nadam and DE exhibit complementary 
optimization characteristics. Nadam is suitable 
for continuous optimization problems with known 
gradients and offers excellent local convergence speed, 
while DE is capable of conducting large-scale global 
searches without requiring gradient data. Combining 
the two allows for the generation of high-quality global 
initial solutions via DE, followed by accelerated local 
convergence in the solution space through Nadam. 
This hybrid strategy improves both the accuracy 
and efficiency of the overall optimization process. It 
enhances robustness, reduces the risk of becoming 
trapped in local optima, and is of great significance 
for solving complex, high-dimensional optimization 
problems.

3.2. Design of hybrid algorithms and IEM
To fully leverage the strengths of Nadam and DE, 
this study proposes a hybrid optimization algorithm 
that integrates the fast local convergence capability of 
Nadam with the strong global search ability of DE. In 
this framework, the overall population was divided into 
two subpopulations: one employed the Nadam algorithm 
for gradient-driven local development, while the other 
applied the DE algorithm to perform global exploration. 
To facilitate dynamic collaboration between the two, 
an IEM was introduced to regularly exchange optimal 
solutions between subpopulations during the algorithm 
operation process, promoting effective integration of 
global and local search strategies.

The core idea of this IEM lies in a strategy termed 
“exchanging the superior for the inferior.” Specifically, 
at regular intervals (for example, every five generations), 
the current optimal individual is exchanged between 
the two subpopulations. This promotes information 
flow across the solution space, prevents the algorithm 
from converging to local optima, and simultaneously 
enhances both search diversity and accuracy. The basic 
workflow of the IEM is shown in Figure 1.

Within each exchange cycle, the individual with 
the current best performance (i.e., the solution with 
the lowest objective function value) was first selected 
from the Nadam subpopulation. This elite individual 
replaced the poorest-performing individual in the 
DE subpopulation. This step ensures that the DE 
subpopulation can inherit the local region optimization 
achievements obtained by Nadam, enabling it to 
continue global search and mining in this region.

Conversely, the best-performing individual from the 
DE subpopulation was selected to replace the worst-
performing individual in the Nadam subpopulation. 
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This enables the global search results of DE to guide 
Nadam’s local optimization path. By utilizing the 
globally optimal solution identified by DE as a new 
starting point, Nadam can perform high-precision, 
gradient-based fine-tuning. This design further reduces 
the error in the solution and improves the overall 
convergence quality and optimization efficiency.

The entire information exchange process not only 
maintains the diversity of the algorithm but also 
mitigates the risk of subpopulations becoming trapped 
in their respective local optima. Through this two-
way information flow and collaborative optimization 
strategy, the hybrid algorithm achieved an effective 
balance between exploration and development. This 
approach aligns with the optimization principle of 
“collaborative parallelism of local and global search.” 
Parameters of this mechanism (such as the exchange 
cycle frequency and replacement ratio) can be flexibly 
adjusted according to the complexity of specific 
problems to accommodate different optimization 
requirements.

Through the design of the IEM, Nadam and DE 
no longer operate independently in parallel but form 
a collaborative system with a coupled feedback 
mechanism. Nadam efficiently converges in the local 
space using gradient information, while DE continuously 
explores the broader solution space and provides high-
quality search directions. By exchanging the information 
of optimal individuals, the two algorithms complement 
each other’s strengths and compensate for their 
weaknesses. This hybrid mechanism helps overcome 

the performance bottlenecks typically faced by a single 
optimization algorithm. Experimental results also 
confirm that this approach achieves faster convergence 
speed and higher solution quality compared across 
multiple benchmark function tests, demonstrating 
its practical effectiveness for solving complex, high-
dimensional optimization problems.

3.3. Process and characteristics of the hybrid 
algorithm
In high-dimensional complex optimization problems, a 
single optimization strategy often presents a trade-off 
between search ability and convergence efficiency. Local 
gradient optimization methods (such as Nadam) offer 
rapid convergence but are prone to becoming trapped in 
local optima. In contrast, swarm intelligence algorithms 
(such as DE) possess good global search capabilities 
but often suffer from reduced optimization accuracy 
due to insufficient local development capabilities. To 
address this contradiction, this study proposes a hybrid 
optimization algorithm based on the coevolution of 
twin populations. By effectively integrating Nadam and 
DE, an optimization framework was constructed that 
combines global exploration with local development.

The core of this algorithm lies in dividing the 
population into two functional sub-modules: the local 
population, optimized using Nadam, and the global 
population, optimized using DE. A  periodic IEM 
enabled dynamic coupling between the two search 
strategies, enabling the optimization process to maintain 
both global search capabilities and local convergence 
accuracy. The optimization process of the hybrid 
algorithm can be divided into five stages: initialization, 
local development, global search, information exchange, 
and termination determination. The specific steps are 
detailed in the following subsections.

3.3.1. Population initialization and structure setting
At the beginning of the algorithm, two heterogeneous 
subpopulations were initialized in the solution space. 
Let the total population size be N, divided into the local 
subpopulation PL and the global subpopulation PG, with 
the number of individuals being NL and NG, satisfying:

N N N P x P xL G L i
L

i

N

G j
G

j

NL G� � �� � �� �
� �

, ,
1 1

� (VIII)

Here, each individual x ∈ Rd represents a candidate 
solution with dimension d. During the initialization 
stage, the initial positions of all individuals were 
randomly generated through uniform distribution within 
the given search boundary:

Figure 1. Information exchange mechanism
Abbreviations: DE: Differential evolution; Nadam: 
Nesterov-accelerated adaptive moment estimation.
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x x x xi
L

j
G( ), ( ) ,0 0 � � � min max � (IX)

For individuals in the local subpopulation, it was 
also necessary to initialize the first and second moment 
estimates of their gradients:

m vi i
0 00 0( ) ( ),= = � (X)

This setting provides the initial conditions for the 
subsequent parameter updates of the Nadam optimizer.

3.3.2. Local optimization stage
The evolution of the local subpopulation PL mainly relies 
on the gradient-driven mechanism of the Nadam 
optimizer. For each generation t, the current gradient was 
calculated as g f x tt

i
i
L( ) ( )� � � � , followed by multi-order 

estimation and parameter updates based on this gradient:
(a)	 First-order moment estimation (momentum):

m m gt
i

t
i

t
i( ) ( ) ( )� � �� ��� �1 1 11 � (XI)

(b)	 Second-order moment estimation (variance):

v v gt
i

t
i

t
i( ) ( ) ( )� � �� �� ��� �2 1 2

2
1 � (XII)

(c)	 First-order moment Nesterov correction:
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(d)	 Second-order moment deviation correction:
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(e)	 Parameter update formula:
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Here, β1 and β2 control the decay rates of momentum 
and variance, η is the learning rate, and ϵ is a small 
constant added to avoid a division by zero.

Through the above-mentioned gradient dominance 
mechanism, the local subpopulations can rapidly 
converge toward the target region in the search space. 
This approach is especially suitable for problems where 
the shape of the function is known or where gradient 
information is available.

3.3.3. Global search stage
The global subpopulation PG adopts the DE algorithm 
for iteration to ensure the wide coverage of the search 

space. For each individual x j
G , its evolutionary process 

includes the following three steps:
(a)	 Differential variation

Randomly select three different individuals, 
x x x P xr r r G j

G
1 2 3, , � � � , and construct the mutation 

vector:
vj = xr1 + F⋅(xr2-xr3)� (XVI)

Where F ∈ [0,2] is the scaling factor.
(b)	 Cross-operation

Construct the test vector using the cross probability 
CR [0,1]:∈

u
v if rand CR or k k
x otherwisej k
j k

j k
G,
,

,

, ( , )
,

�
� ��

�
�

��

0 1 rand � (XVII)

Here, krand ensures that at least one dimension is taken 
from the mutation vector.
(c)	 Selection operation

Compare uj and x j
G  based on the fitness function 

f (⋅):

x t
u if f u f x

x otherwise
j
G j j j

G

j
G

( )
,

,
� �
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�
�

��
1 � (XVIII)

The evolutionary operation of DE does not rely on 
gradients and is suitable for optimization problems 
with complex search spaces and non-differentiable or 
discontinuous objective functions.
(d)	 IEM

To achieve synergy between the two optimization 
strategies, this study designed an IEM based on the 
principle that “the superior replaces the inferior.” This 
mechanism was executed once every Tex proxy. The 
specific process is as follows:

Select the best-performing individual from the 
Nadam subpopulation PL:

x f xL x PL

* arg min�
�

( ) � (XIX)

Select the worst-performing individual from the DE 
subpopulation PG:

x f xG
worst

x PG
�

�
arg max ( ) � (XX)

Replace xG
worst  with xL

*  to make the DE subpopulation 
inherit the local optimal information.

Similarly, extract the current global optimal solution 
from PG:
x f xG x PG

* arg min�
�

( ) � (XXI)
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Use it to replace the worst-performing individual 
xL
worst  in the Nadam subpopulation, injecting the global 

search results into the local search path.
This two-way interaction mechanism not only 

promotes the flow of high-quality information in the 
understanding space but also helps overcome the 
limitations of local optimality, thereby improving 
overall search efficiency and solution accuracy.
(e)	 Termination criteria and optimal solution output

The hybrid algorithm terminated when either of the 
following conditions was met: The maximum number 
of iterations Tmax was reached, or the fitness value of the 
optimal individual in the entire population fell below 
the predefined threshold δ.

The final optimization result was recorded as:

x f x
x P PL G

* arg min�
��

( ) � (XXII)

3.4. Application of the hybrid optimization 
algorithm in LSTM training
To effectively improve the generalization performance 
and convergence accuracy of deep learning models in 
complex water quality data prediction tasks, this study 
introduced the previously constructed Nadam–DE 
hybrid optimization algorithm into the training process 
of the LSTM network. Unlike the traditional training 
mechanism based on back propagation and a single 
gradient optimizer, the hybrid optimization strategy 
emphasizes a wide-area search in the global parameter 
space during the early stage of training and focuses on 
gradient-driven fine development in the middle and later 
stages. This approach achieved the optimization goal 
of dynamic collaboration between “exploration” and 
“development” in the LSTM parameter learning process.

3.4.1. Parameter encoding and search space definition
Under this hybrid optimization framework, all trainable 
parameters of the LSTM model were treated as variables 
to be optimized. These parameters were vectorized 
and encoded as continuous, real-valued individuals. 
Assuming the model structure is fixed, the parameter 
set can be expressed as:

θ = {Wxi, Whi, bi, Wxf, Whf, bf, Wxc, Whc, bc, Wxo, Who, bo}

Here, W represents the weight matrices corresponding 
to each gating mechanism (input gate, forget gate, 
candidate memory unit, and output gate), and b denotes 
the bias term. After flattening the weights of ownership 
and the bias term into vectors, they collectively form a 
single individual θi ∈ Rd in the hybrid algorithm, where 
d is the total dimensionality of the parameters.

3.4.2. Construction of the loss function and fitness 
evaluation
The hybrid algorithm drove the evolution process by 
evaluating the predictive ability of each individual under 
the current LSTM model. Specifically, the individual 
parameter vector θi was loaded into the network, the 
model performed forward propagation on the training 
data, calculated the prediction result 

ˆ

ty , and used the 
MSE as the fitness function:

( )
2ˆ

1

1 N

i t t
t

y y
N

θ
=

 = − 
 

∑ � (XXIII)

Here, yt is the true label, 
ˆ

ty  is the prediction result 
of the model under the parameter θi, and N is the sample 
size.

3.4.3. Embedding process of the hybrid optimization 
algorithm
Embedding the hybrid optimization algorithm into the 
parameter training of the LSTM model, the training 
process can be regarded as a complex black-box 
function optimization problem. The specific process is 
as follows:
(a)	 Initialization stage: Generate the initial population 

{θ1, θ2,…,θP}, which is divided into the Nadam 
subpopulation and the DE subpopulation. Local 
gradient updates and global mutation searches are 
then performed.

(b)	 Parallel optimization stage: In each generation, the 
Nadam subpopulation uses gradient information 
to perform first-order and second-order moment 
estimates for individuals and updates the parameters. 
Meanwhile, the DE subpopulation completes global 
exploration through differential variation and 
crossover mechanisms.

(c)	 Fitness assessment: For each individual, perform 
forward propagation in the LSTM model, calculate 
the loss L (θi), and adjust the ranking of individuals 
based on their fitness.

(d)	 IEM: At intervals of Tswap generations, individual 
replacements based on the principle of “superior 
replacing inferior” are carried out between 
subpopulations. The Nadam subpopulation 
injects its current optimal individual into the 
DE subpopulation, and vice versa, promoting 
information sharing and collaborative search.

(e)	 Convergence determination: When the value of the 
optimal loss function tends to stabilize or reaches the 
maximum iterative algebra Gmax, the optimization 
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terminates, and the global optimal parameter θ* is 
output for model deployment.

4. Experiment and result analysis

4.1. Dataset and experimental settings
The water quality dataset used in this experiment 
was obtained from publicly available secondary data 
on Kaggle. The water quality information in the 
dataset was regularly collected by volunteers under 
the supervision of the management department of the 
protected area. Sampling was carried out biweekly at 
designated water body locations within the protected 
area to ensure coverage across the spatial range 
of different water bodies. This dataset has been 
meticulously maintained over an extended period, 
ensuring the accuracy and reliability of the monitoring 
results. It serves as a high-quality source of water 
quality monitoring data.

The dataset contains multiple water quality 
parameters, including DO, water temperature, pH, 
turbidity, electrical conductivity, and others. The DO 
concentration was the target variable for prediction, 
and other parameters were used as input features to 
train the LSTM model. Sample entries are shown in 
Table 1.

4.1.1. Data normalization and correlation analysis
In this study, Min-Max normalization was used to 
standardize the dataset, eliminating differences across 
eigenvalue dimensions and ensuring the stability of 
model training. The normalization formula is as follows:

' min

max min

X X
X

X X
−

=
− � (XXIV)

The data samples after normalization are presented 
in Table 2.

In this study, to investigate the influence of different 
water quality parameters on DO, we employed scatter 
plot analysis to examine the relationships between pH, 
temperature, turbidity, conductivity, and DO. Scatter 
plots serve as an intuitive visualization tool, enabling 
the preliminary identification of linear or nonlinear 
associations between variables.25 This analysis provides 
valuable insights for subsequent complex modeling 
efforts, particularly in determining which features may 
exhibit linear or nonlinear dependencies with DO. The 
results of the scatter plot analysis are presented in Figure 2.

From the scatter plot results, pH and DO demonstrate 
a somewhat positive correlation, though the relationship 
is not strictly linear, suggesting the presence of potential 
nonlinear patterns. Temperature and DO show no clear 
linear or nonlinear trend, with scattered data points 
indicating a complex and ambiguous influence of 
temperature on DO. The relationship between turbidity 
and DO appears weak, with data points exhibiting a 
near-random distribution, implying that turbidity has 
no significant impact on DO. In contrast, conductivity 
and DO exhibit a strong positive correlation with a 
relatively linear relationship, confirming conductivity 
as a key predictor for DO.

These preliminary findings offer valuable guidance 
for our subsequent modeling work. Integrating these 

Table 2. Standardized data sample
Sample ID pH Temperature 

(°C)
Turbidity (NTU) Dissolved oxygen (mg/L) Conductivity (S/cm)

1 0.646154 0.848485 0.7 0.461538 0.481481
2 0.307692 0.363636 0.4 0.589744 0.740741
3 0.846154 0.787879 0.05 0.897436 0.203704
4 0.953846 0.121212 0.35 0.538462 0.666667
5 0.553846 0.272727 0.55 0.717949 0.62963

Table 1. Dataset sample
Sample ID pH Temperature (°C) Turbidity (NTU) Dissolved oxygen (mg/L) Conductivity (S/cm)
1 7.25 23.1 4.5 7.8 342
2 7.03 21.5 3.9 8.3 356
3 7.38 22.9 3.2 9.5 327
4 7.45 20.7 3.8 8.1 352
5 7.19 21.2 4.2 8.8 350
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features into a multi-feature predictive model allows 
for the exploration of both individual effects and their 
potential. Advanced machine learning models–such as 
Random Forest, XGBoost, and LSTM–are particularly 
well-suited for this task, as they can automatically 
capture complex linear and nonlinear dependencies 
among features.26 Therefore, by leveraging multi-
feature integration and the learning capabilities of 
these algorithms, we anticipate improved accuracy in 
forecasting DO levels.

4.1.2. Characteristic importance analysis
To gain a deeper understanding of the contribution of 
various water quality indicators in predicting DO, this 

study developed a prediction model based on an LSTM 
network and employed the permutation feature importance 
method to evaluate the importance of input features.27 
This method involves independently shuffling the time 
series of each feature and observing the change in model 
performance (measured by MSE), thereby assessing the 
actual impact and contribution of each feature to the 
prediction outcomes within the specific model.

During the evaluation, the baseline MSE of the model 
on the original test set was 0.027023. Subsequently, five 
repeated random shuffling experiments were conducted 
for each feature. The average increase in MSE and its 
standard deviation were calculated as indicators of 
feature importance. The results are shown in Figure 3.

Figure 2. Scatter plots of water quality parameters versus dissolved oxygen. (A) pH versus dissolved oxygen; 
(B) Temperature versus dissolved oxygen; (C) Turbidity versus dissolved oxygen; (D) Conductivity versus 
dissolved oxygen.

B
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A

https://dx.doi.org/10.36922/AJWEP025210165


Jun, et al.

Volume 22 Issue 5 (2025)	 74� doi: 10.36922/AJWEP025210165 

The “MSE increase” and “standard deviation (Std)” 
values for each parameter are presented in Table  3. 
“MSE increase” refers to the average increase in the 
model’s prediction error, compared to the original 
data, after shuffling a specific feature. “Std” indicates 
the variability in the MSE increase across multiple 
shuffling repetitions. A  smaller standard deviation 
suggests a more stable and reliable assessment of 
feature importance, while a larger standard deviation 
indicates greater uncertainty in the evaluation due to 
varying impacts across shuffles.

The results reveal that among the four input 
features, conductivity has the most significant impact 
on DO prediction, with an average MSE increase of 
0.005783 after shuffling, substantially higher than 
that of the other features. pH ranks second, indicating 
its strong predictive contribution in reflecting the 
chemical properties of water. In contrast, turbidity and 
temperature show lower importance, exerting minimal 
influence on model performance.

During experimentation, the dataset was partitioned 
into training and testing subsets using an 80:20 
ratio. Model training employed the proposed hybrid 
optimization strategy integrating Nadam and DE, and 
was benchmarked against standalone Nadam and DE 

implementations. The computational framework utilized 
Python28 and the Keras deep learning framework,29 with 
GPU acceleration enabled for training.

4.2. Model settings
The neural network comprises an LSTM layer for 
temporal feature extraction and a dense layer for 
regression output.30 Critical hyperparameters, including 
the number of LSTM units and the learning rate, were 
optimized using an evolutionary approach.31 MSE32 
was employed as the loss metric to evaluate regression 
performance.

The DE algorithm optimized hyperparameters by 
simulating selection, mutation, and crossover processes 
inspired by natural evolution. As shown in Table 4, the 
search range for the learning rate was set to [1e−4, 1e−2], 
while the number of LSTM units ranged from 10 to 100. 
The population size was set to 15, with a single iteration 
per generation. The entire optimization process spanned 
20 generations of evolution, with the DE population 
being updated once per generation. Ultimately, in each 
generation, the DE algorithm selected the individual 
with the lowest verification loss as the global optimal 
solution of that generation.

In each generation, the Nadam optimization algorithm 
was used to train the model individuals generated by 
DE. The Nadam population size was set to 5, and each 
individual randomly generated a different learning 
rate and number of LSTM units. Nadam trained each 
individual and selected the best-performing one as the 
local optimal solution for that generation.

During the optimization process, every two 
generations, the optimal individuals from the DE and 
Nadam populations were exchanged. Specifically, 
the Nadam population received the globally optimal 
individual with the lowest verification loss from the DE 
population and replaced its worst-performing member. 
This ensured that the Nadam population could utilize Figure 3. Feature importance (permutation method) 

for dissolved oxygen prediction

Table 3. Evaluation results of input feature 
importance
Feature MSE increase Standard deviation
pH 0.003135 0.000362
Temperature 0.001345 0.000523
Turbidity 0.000697 0.001291
Conductivity 0.005783 0.000875
Abbreviations: MSE: Mean squared error; Std: Standard 
deviation.

Table 4. Parameter settings
Parametric Value
LSTM layer 10 – 100
Learning rate 1e−4 – 1e−2

Generation 30
DE number of iterations 10
DE population size 15
Frequency of information exchange Every 2 generations
Abbreviations: DE: Differential evolution; LSTM: Long 
short‑term memory.

https://dx.doi.org/10.36922/AJWEP025210165


Hybrid optimization for LSTM DO prediction

Volume 22 Issue 5 (2025)	 75� doi: 10.36922/AJWEP025210165 

the global search results of DE. Conversely, the DE 
population received the local optimal solution from the 
Nadam population to enhance its performance in local 
search. This two-way IEM ensured that DE benefits 
from Nadam’s local optimization results, while Nadam 
leverages DE’s global search ability.

4.3. Result analysis
4.3.1. Training results for Nesterov-accelerated 
adaptive moment estimation–DE optimization 
algorithm
First, the LSTM model was trained using the Nadam–DE 
optimization algorithm. The optimized hyperparameter 
included a learning rate of 9.52e−3 and 79 LSTM units.

Based on these hyperparameters, the model was 
trained, achieving an MSE of 0.019278116524219513 
after training. This result indicates that Nadam–DE 
can effectively improve the prediction performance 
of the model by globally searching for optimal 
hyperparameters. During training, changes in the loss 
function are shown in Figure 4, where both training and 
validation losses decrease steadily with the number of 
iterations and stabilize after several epochs. Nadam–DE 
showed good convergence in the optimization process.

4.3.2. Nadam training results
To further compare the effects, the model was also 
trained using only the Nadam optimizer, with the same 
learning rate (9.52e−3) and number of LSTM units 
(79). Under these identical hyperparameter settings, 
the MSE achieved by Nadam after training was 
0.036936987191438675, which is significantly higher 
than that obtained using Nadam–DE. This result suggests 
that although Nadam can accelerate local convergence, 
it is prone to becoming trapped in local optimization 

due to its lack of global optimization ability, ultimately 
affecting the final model accuracy.

During Nadam optimization, the training and 
verification loss changes are illustrated in Figure 5. Both 
losses decrease with the number of training epochs. 
However, compared to Nadam–DE, the verification loss 
converges more slowly and reaches a higher final value.

4.3.3. Algorithm comparison
To evaluate the effectiveness of the proposed Nadam–
DE optimizer in time series forecasting tasks, we 
compared its performance with that of the standard 
Nadam optimizer using the MSE metric after training. 
Experimental results show that the post-training MSE 
for Nadam–DE is 0.0193, whereas for Nadam it is 
0.0369. To quantify the magnitude of performance 
improvement, we calculated the percentage reduction 
in prediction error using the following formula:

 Original Error - 
Optimized Error 

Error Reduction Rate = ×100%
 Original Error 

� (XXV)
Substituting the actual values into the formula yields:

0 0369 0 0193
0 0369

100 47 8. .
.

.�
� �% %

These results indicate that Nadam–DE reduces the 
prediction error by approximately 47.8% compared 
to Nadam. This significant performance improvement 
demonstrates that integrating the DE mechanism into the 
Nadam framework effectively enhances optimization 
efficiency and improves the model’s generalization 
capability. As a result, the hybrid approach achieved 

Figure 4. Loss function changes during training with 
Nesterov-accelerated adaptive moment estimation–
differential evolution optimization algorithm

Figure  5. Loss function progression under 
Nesterov-accelerated adaptive moment estimation 
optimization

https://dx.doi.org/10.36922/AJWEP025210165


Jun, et al.

Volume 22 Issue 5 (2025)	 76� doi: 10.36922/AJWEP025210165 

higher accuracy and greater training stability in 
complex, non-stationary time series forecasting tasks.

4.4. Model transferability verification
To further validate the applicability of the Nadam–DE 
algorithm, this study conducted experiments using 
an additional water quality dataset. This dataset was 
collected by Dr. J. Thad Scott in 2019 under the support 
of the  Tarrant Regional Water District, with samples 
sourced from Eagle Mountain Lake. The data have been 
publicly released on the Kaggle platform. The loss curve 
during model training on this dataset is shown in Figure 6.

After model training and evaluation, the final MSE 
reached 0.015074709430336952, indicating a minimal 
error between the predicted and actual DO values, thereby 
demonstrating the model’s accuracy. The model not only 
exhibits strong predictive capability on the original dataset 
but also maintains robust generalization performance and 
transferability under cross-source data conditions. This 
verification significantly enhances the practical viability of 
the model for diverse aquatic environments and provides 
a solid foundation for its deployment in real-world water 
quality monitoring and management tasks.

5. Discussion

To enhance the predictive ability of DO in the LSTM 
model, this study introduced a hybrid optimization 
algorithm, Nadam–DE, which combines the strengths 
of Nadam and DE. This method integrates the local 
optimization efficiency of Nadam with the global 
exploration capability of DE, augmented by an 
information-sharing mechanism to achieve balanced 
and dynamic optimization.

Experimental results demonstrated that, under 
identical hyperparameter configurations, the LSTM 

model optimized by Nadam–DE achieves an MSE of 
0.0193. In comparison, using the Nadam optimizer 
alone yielded an MSE of 0.0369, representing an error 
reduction of approximately 47.8%. This highlights the 
significant advantages of the hybrid approach in terms 
of both convergence speed and prediction accuracy.

However, an in-depth analysis of the convergence 
process reveals the presence of oscillations during the 
local iteration phase, suggesting potential instability 
in the information exchange frequency or strategy 
scheduling. Furthermore, although Nadam–DE has 
shown strong performance in retrospective prediction, 
its efficacy requires further validation in scenarios 
involving extended prediction lead times, extreme 
pollution events, and cross-watershed generalization 
capability.

Overall, the outstanding performance of this 
method in water quality prediction tasks underscores 
its significant practical application value. As a critical 
environmental parameter for aquatic ecosystems, DO 
is directly related to a water body’s self-purification 
capacity and ecological balance. Prediction models 
optimized using Nadam–DE enable high-precision, 
dynamic monitoring and forecasting of DO 
concentrations. They also provide a scientific basis 
for decision-making in pollution early warning, water 
body remediation, and resource allocation. This is of 
great importance for improving the efficiency of water 
resource utilization, safeguarding ecological security, 
and advancing intelligent environmental management.

6. Practical applications

The hybrid-optimized LSTM model proposed in 
this study demonstrates significant advantages in 
enhancing the prediction accuracy and robustness of 
DO levels, offering a novel technological approach for 
intelligent water quality monitoring and water resource 
management. This method is not only suitable for 
dynamic water quality modeling in diverse environments, 
such as river basins, lakes, and urban water bodies, but 
also exhibits strong versatility and scalability, enabling 
adaptation to environmental data characteristics across 
different regions and pollution backgrounds. When 
integrated with Internet of Things sensor networks, the 
model shows promise for incorporation into real-time 
water quality monitoring systems. It can facilitate rapid 
detection and predictive early warning of key water 
quality indicators, thereby providing technical support 
for emergency responses to water pollution incidents 
and for the optimization of treatment strategies.

Figure  6. Loss function changes on cross-source 
dataset
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The precise DO prediction results can further 
guide the optimization of specific water treatment 
interventions, such as adjusting aeration intensity, 
applying chemical oxidants, or implementing 
bioaugmentation measures. This optimization can 
improve treatment efficiency and enhance system 
energy efficiency in managing metals, inorganic 
pollutants, and organic contaminants. As data-
driven approaches become increasingly prevalent in 
environmental engineering, this hybrid optimization 
framework can also be extended to the modeling and 
predicting of other key pollutants in aquatic systems. It 
thus provides an algorithmic foundation and decision-
making support for developing efficient, intelligent, 
and sustainable pollution control and ecological 
protection systems.

7. Conclusion

This research presents an innovative hybrid optimization 
approach that integrates the Nadam optimizer with 
the DE algorithm. For the first time, this combination 
is applied to the training of DO prediction models, 
effectively enhancing the accuracy and stability of 
deep learning models in water quality time-series 
modeling. Through the dynamic coordination of local 
and global search strategies, this method overcame 
the issue of local convergence common in traditional 
approaches to nonlinear modeling and demonstrates 
excellent performance in analyzing highly sequential 
environmental data.

Compared with existing studies, this study 
makes two methodological breakthroughs. First, 
it introduces, for the first time in the field of water 
quality prediction, a dual-optimizer collaborative 
framework based on an information interaction 
mechanism, thus addressing the current lack of 
engineering applications of intelligent optimization 
in environmental prediction. Second, it validates 
the robustness and applicability of this method in 
water body prediction tasks, highlighting its strong 
algorithmic novelty and adaptability.

The social contributions of this research are reflected 
in three key areas. First, the proposed prediction model 
contributes to the development of a more efficient early 
warning system for water environments, improving 
the proactive monitoring and response capacity for 
pollution events. Second, the technical framework 
provides data support and modeling foundation for 
intelligent water resource allocation and governance 
decision-making. Third, in the context of increasing 

global water quality risks, it offers a practical solution 
for constructing sustainable and intelligent systems for 
water environment management.

From a research significance perspective, this 
study extends the application of artificial intelligence 
optimization algorithms in environmental science, 
strengthening the link between algorithm development 
and practical needs in environmental engineering. It 
provides both a methodological basis and a practical 
direction for future interdisciplinary research.

Despite its promising outcomes, this research 
has certain limitations. Oscillation phenomena was 
observed during the local iteration phase of model 
training. In addition, extensive verification under 
cross-regional, multi-pollutant, and multi-  objective 
scenarios has not yet been conducted. Future research 
will aim to enhance training stability and explore the 
integration of this approach with the Internet of Things 
sensing systems to establish an end-to-end, closed-loop 
framework for water quality monitoring and decision-
making feedback.

In summary, this paper not only proposes an original 
hybrid optimization framework at the methodological 
level but also explores valuable engineering applications 
of environmental artificial intelligence. It thus holds 
significant scientific value, engineering significance, 
and social influence.
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