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A B S T R A C T

An adequate water quality prediction mobile system is crucial for real-time, proactive, and convenient water 
environment monitoring through mobile devices to reduce or prevent water environmental threats. After 
exploring the feasibility and superiority of the LSTM-seq2seq model for predicting various water quality in
dicators, the optimal time step range for different length predictions was proposed. To verify the generalizability 
and reusability of the model, the performance differences of migrating models was investigated. Based on the 
entire process, we have developed a cost-effective, widely applicable, and sustainable operational prediction 
system framework. It was successfully applied in the Huangshui River Basin for two years. Results indicated that 
the model can achieve an NSE of above 0.5 for indicators with high coefficient of variation and above 0.75 for 
more stable indicators. When carrying out transfer applications, the model can achieve an NSE performance of 
above 0.5 for most sites in short to medium-term forecasting.

1. Introduction

Water resources are fundamental for achieving sustainable social and 
economic development. However, over the past 100 years, rapid ur
banization and industrialization have resulted in significant water 
pollution and deterioration of water quality. Research indicates that 
nearly 80% (4.8 billion) of the global population faces a high level of 
water security threat in the early 21st century (Vörösmarty et al., 2010). 
It also reveals that water pollution seriously endangers human health 
and ecological environmental protection, becoming a global challenge 
(Gad et al., 2021). For a prolonged period, we have been employing 
passive measures for these water pollution issues. That is, addressing 
pollution only where it occurs. A large number of applications have 
demonstrated that preventing and controlling pollution before it occurs 
can effectively safeguard the water environment and lower treatment 
costs (L. Li et al., 2024; Liu et al., 2020; Wang et al., 2018; Zhi et al., 
2024). Thus, it is of great significance to take more proactive measures 
to monitor the water environment and implement early pollution 

control, such as water quality prediction and early warning.
From a policy perspective, since the 1980s, developed countries have 

deliberately shifted the predominant approach to water environmental 
governance to watershed water quality target management (He et al., 
2020) and have advocated for improving the capacity to prevent water 
environment crisis events by advancing the development of risk early 
warning systems (Alfieri et al., 2012). Additionally, increasing the 
availability of and giving access to early warning systems is one of the 
main targets given by the Sendai Framework for Disaster Risk Reduction 
2015–2030 (Mosimann et al., 2024). In response to policy-driven ini
tiatives, regional and national-level water quality monitoring and pre
diction systems have made significant advancements. Early water 
quality prediction systems were initially based on laboratory analysis, 
such as the online monitoring system of the River Trent in the UK (Drage 
et al., 1998), which could not provide real-time prediction and warning 
information, resulting in slow response times for formulating counter
measures. Afterward, advancements in digital technologies have made it 
possible to use online water quality sensors for real-time monitoring of 
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water quality, and these water quality sensors provide continuous data 
streams that enable timely detection and response to water quality issues 
(Scarbrough et al., 2023). However, deploying a sufficient number of 
sensors to monitor the water quality of the entire network poses sig
nificant challenges in cost and practical application (Z. Li et al., 2024; 
Storey et al., 2011). Process-based hydrodynamic and water quality 
models can serve as soft sensors, predicting water quality through expert 
estimation and mathematical description of physical, biogeochemical, 
and hydrochemical processes, thereby providing water systems moni
toring and playing a crucial role in operational prediction systems 
(Najah et al., 2012; Tiyasha et al., 2020; Li et al., 2024). For instance, the 
regional water quality warning system developed by the Ohio River 
Valley Water Sanitation Commission (ORSANCO) (GULLICK et al., 
2004), the Qiantang River water pollution emergency dynamic warning 
system (Song et al., 2013), the urban drinking water quality warning and 
control system framework (Hou et al., 2013), and the mobile environ
mental decision support system for ungauged basins (MEWSUB) (Wang 
et al., 2015), to name a few. Ranging from 1D, 2D to 3D formulations, 
several types of software and tools exist with varying complexities and 
capabilities (Mohammed et al., 2022). It is worth noting that the 
applicability and generality of these models are limited. According to 
(Herath et al., 2021), for large watersheds characterized by significant 
spatial heterogeneity, while lumped models may yield accurate results, 
the inferences (predictions) derived from these models may be unrea
sonable or unrealistic. Furthermore, distributed models exhibit limited 
generalizability and encounter issues related to over-parameterization. 
For example, EFDC can be used for very large watersheds or water
bodies, but there is a trade-off in ability to model or predict a small 
region within the large system accurately, while some models (AQUA
TOX and SWMM) are suitable for use in small-scale applications, 
extrapolating to larger areas may result in significant inaccuracies 
(Keller et al., 2023). In other words, different watersheds require suit
able models for modeling and predicting, which may also involve opti
mization and calibration of some unobserved model parameters (Beven, 
2000), all of which increase the complexity and reduce the generality of 
the operational prediction system using process models.

Fortunately, with the increasing computational performance and the 
continuous expansion of related datasets, deep learning methods have 
shown broad application prospects in water environmental management 
systems. This is primarily attributed to its easy-to-use programming 
languages, efficient algorithms, and ability to rapidly and accurately 
solve nonlinear and highly stochastic prediction problems through dy
namic and adaptive model adjustments (Wan et al., 2022; Liu et al., 
2022). Additionally, some studies have leveraged this advantage and 
integrated physical mechanisms to enhance the interpretability and 
adaptability of water environment predictions (Cai et al., 2024; Cha
dalawada et al., 2020; Zhan et al., 2024). However, the approach of 
physically guided deep learning is still in the exploratory and develop
mental phase, lacking the maturity required for widespread application 
and posing significant challenges to scientific innovation and interdis
ciplinary collaboration. Consequently, the immediate priority remains 
to improve the efficient application of deep learning models within 
operational systems, further optimizing their computational perfor
mance and stability to ensure their feasibility and reliability in 
real-world applications. Researchers have already utilized specific types 
of neural networks in early warning systems to forecast water quality a 
few hours in advance and demonstrated excellent prediction accuracy 
and reliability (Jin et al., 2019). For instance, Long Short Term Memory 
(LSTM) which can not only capture long-term dependencies but also 
address the issues of gradient vanishing and exploding encountered by 
regular Recurrent Neural Networks (RNNs) (Hochreiter, 1998), has been 
widely used and confirmed the exceptional performance in predicting 
the dynamic changes and seasonal variations of water quality time series 
(Azrour et al., 2022; Docheshmeh Gorgij et al., 2023; Hu et al., 2019; 
Kouadri et al., 2022; Liu et al., 2019; Wang et al., 2017; Zamani et al., 
2023; Zhou et al., 2018). Furthermore, some researchers have applied 

LSTM deep learning networks for multi-step ahead prediction in water 
quality operational systems, achieving higher prediction accuracy and 
lower time cost compared to standard time series prediction models such 
as ARIMA and traditional artificial neural networks (Mohammed et al., 
2021; Rasheed Abdul Haq and Harigovindan, 2022; Zhao et al., 2020). 
In terms of multi-step ahead prediction for the model, there are four 
output strategies: direct strategy (DS), recursive strategy (RS), combined 
direct and recursive strategy (DRS), and multi-input and multi-output 
strategy (MIMO) (Zhou et al., 2023). In comparison to the first three 
models, which have high model complexities or error accumulation, the 
MIMO type consists of the sequence-to-sequence (seq2seq) models can 
better meet the business requirements of different output lengths due to 
its great flexibility in setting input and output lengths as well as the 
continuity of the output sequence (Jia et al., 2021). Therefore, 
LSTM-seq2seq was selected to develop an operational prediction system 
for water quality early warning and management.

However, some issues need to be taken into consideration during the 
application of LSTM-seq2seq. Firstly, currently, for the input of deep 
learning models, most researchers tend to choose multi-variate collab
orative inputs to achieve higher accuracy (Hu et al., 2019; Li et al., 2023; 
Mohammed et al., 2021; Saeed et al., 2024; Wang et al., 2019). For the 
output, most research focuses on short-term prediction, with relatively 
limited research on long-term prediction (Chen et al., 2020). While in 
operational systems, the key objective is to achieve high-precision pre
dictions in the most efficient, cost-effective, and streamlined manner. 
This involves exploring the intrinsic characteristics of univariate pre
dictive indicators, optimizing the use of single-variable data resources, 
and addressing the varying prediction lengths requirements of 
decision-makers. Secondly, recent studies have begun exploring the 
application of deep learning models in the environmental domain 
through transfer learning by utilizing model transferability assessments 
or data post-processing techniques, based on multi-site data (Sangiorgio 
and Guariso, 2024; Zhou, 2020). Particularly from a practical perspec
tive, we should also consider how to achieve the economic value of 
reusing deep learning models and how to implement model transfer 
applications conveniently and effectively after spending some time 
training a deep learning model. Lastly, with the rise of the 5G wave, it is 
worth considering how to make it more convenient for managers and 
users to access water quality data and enjoy water quality prediction and 
early warning services anytime and anywhere, just like checking the 
weather forecast.

In response to these issues, the objectives of this research are to 1) 
build univariate LSTM-seq2seq models under different input-output 
conditions and explore the standard range of input lengths for short- 
term, medium-term, and long-term predictions; 2) investigate the 
feasibility and suitability of model transfer application; 3) construct a 
complete operational water quality prediction system based on WeChat 
mini-program. This study can promote the flexibility and convenience of 
input-output length selection for water quality prediction, achieve real- 
time, automatic, and reusable water quality prediction and warning in a 
lightweight, all-encompassing service approach, and provide a universal 
and effective system framework for water pollution prediction and early 
warning.

2. Materials and methods

2.1. Study area

The method and framework were tested in the Tuojiang River basin, 
and the transfer application and validation of results were conducted in 
the Huangshui River basin (the locations of these two basins are shown 
in Fig. 1).

The Tuojiang River is a primary tributary of the upper Yangtze River, 
passing through cities such as Chengdu, Deyang, Meishan, Neijiang, 
Yibin, Ziyang, and Zigong in Sichuan Province, joining the Yangtze 
River in Luzhou City, with a total length of 627.4 km and a drainage area 
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of 25576 km2. The Tuojiang River basin supports 30% of the water 
supply and 26.2% of the population in Sichuan Province, with only 3.5% 
of the water resources, which has significant impacts on the ecological 
environment of Sichuan Province and even the water quality of the 
Yangtze River basin (Bai et al., 2021). The Huangshui River is a signif
icant tributary of the upper Yellow River, often referred to as the 
"mother river" of Qinghai Province, with a total length of 374 km and a 
basin area of 17733 km2. In recent years, with the rapid development of 
the Xining urban agglomeration, the water environment and aquatic 
ecology of the Huangshui River basin have been threatened (Wang et al., 
2023). There is a significant discontinuity and a missing rate of up to 
65% in the data from certain automatic water quality monitoring sta
tions in the Huangshui River basin, which has led to challenges in 
effectively managing water resources and predicting and issuing early 
warnings for water quality. Therefore, if the model’s migration appli
cation is successful in the Huangshui River basin, it will not only 
improve the adaptability and practicality of deep learning models but 
also offer a viable and effective approach for water quality prediction, 
early warning, and high-quality water resource management in 
data-scarce basins.

Considering that the Sanhuangmiao station is a crucial node where 
the upstream tributaries of the Tuojiang River converge with the 
mainstream, this study chose water quality sampling data from the 
Sanhuangmiao station for modeling. The water quality indicators 
considered in this study include water temperature (WT), pH value, 
dissolved oxygen (DO), turbidity (Tur), electrical conductivity (EC), 
permanganate index (CODMn), and ammonia nitrogen (NH3-N). The 
modeling used the seven water quality indicator data with a frequency 
of every 4 h from December 2015 to June 2023 at this station. The 
statistical indicators for each water quality data are shown in Table 1. 
Several preprocessing steps need to be applied to the original water 
quality data. Firstly, due to the inherent randomness and uncertainty in 

the process of acquiring water quality monitoring data, there may be a 
certain degree of false reports. The 3σ rule is used to identify abnormal 
values in the data, and any data beyond the (μ-3σ, μ+3σ) interval are 
transformed into NaN values. Secondly, for certain periods, the water 
quality data is sampled at a frequency of 1 h, and it needs to be down
sampled using the mean to create a complete time series. Finally, the 
nearest neighbor method is used to handle missing values, completing 
the preprocessing of the water quality monitoring data. After pre
processing, each indicator has 16409 data points, which are then 
divided into a training set (60%), validation set (20%), and test set 
(20%).

2.2. Methods

2.2.1. LSTM-seq2seq model
Long Short-Term Memory (LSTM) is a specialized recurrent neural 

network architecture that is capable of learning both long-term (static) 
and short-term (dynamic) dependencies in time series data (Zhou, 
2020). It replaces the hidden layers of traditional neural networks with 
memory blocks containing hidden states and cell states. Each memory 

Fig. 1. Location of the tuojiang and huangshui river basin.

Table 1 
Descriptive statistics of water quality indicators at Sanhuangmiao Station.

Indicator Unit Min Max Mean Std CV

WT ◦C 2.000 34.200 18.563 5.636 30.36%
DO mg/L 1.370 13.610 7.722 1.701 22.03%
EC μS/cm 153.000 881.000 543.000 109.339 20.13%
pH / 6.058 8.950 7.859 0.279 3.55%
Tur NTU 0.600 732.200 49.211 85.652 174.05%
CODMn mg/L 0.030 13.030 2.570 1.090 42.42%
NH3-N mg/L 0.002 2.114 0.352 0.308 87.57%
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block consists of four components: a forget gate, an input gate, an output 
gate, and a memory cell, as shown in Fig. S1. The constant error back
propagation within the LSTM memory cell can compensate for the long 
time delay in predicting time series data (Hochreiter and Schmidhuber, 
1997). Additionally, the linear interactions among LSTM units enable 
the cell state to store invariant information for a long time, overcoming 
the gradient vanishing and exploding problems of traditional neural 
networks (Kratzert et al., 2018). The three gate structures regulate the 
flow of information in the memory cell. Among these, the forget gate 
controls the information that needs to be forgotten to prevent the un
bounded growth of internal values (Gers et al., 1999). The input gate 
controls which input is updated to protect the contents in the memory 
unit from irrelevant inputs, while the output gate controls which ele
ments of the memory cell are used to update the hidden state, preventing 
disruption of short-term memories when storing long-term memories 
(Hochreiter and Schmidhuber, 1997). Therefore, for predicting water 
quality data with characteristics such as periodicity, long-term de
pendency, and slow time-varying trends (Zou et al., 2020), LSTM dem
onstrates unlimited potential and extensive application prospects.

Using LSTM to predict the water quality sequence at time t, such as 
X = {x1,x2,x3,…,xT}, as shown in Fig. S2. When the previous hidden 
state ht− 1 and the input xt at this step pass through the forget gate, a 
vector ft between 0 and 1 is output using the Sigmoid activation function 
as described in Eq. (3). According to ft, the selective deletion or retention 
of the previous time step’s cell state Ct− 1 is performed, where 0 repre
sents complete deletion and 1 represents complete retention. When 
passing ht− 1 and xt through the input gate, on the one hand, they go 
through the Sigmoid layer to determine whether the current input value 
should be retained in the state or updated, resulting in a vector it be
tween 0 and 1, as shown in Eq. (4). On the other hand, a candidate vector 
C̃t is obtained through a tanh layer, as shown in Eq. (5). The new in
formation is selectively recorded in the cell state through the combined 
action of it and C̃t. The current memory cell Ct is updated by combining 
the cell state after forgetting the old cell information through the 
forgetting gate with the candidate cell state after passing through the 
input gate, as shown in Eq. (6), which finalizes the update of the cell 
state. When passing through the output gate, Ct is directly sent to the 
next unit. The vectors ht− 1 and xt are activated using the Sigmoid 
function to obtain the vector ot, determining which parts of the memory 
cell Ct to output at this time, as shown in Eq. (7). After adjustment 
through the tanh function, the output ht for this time step is obtained, as 
shown in Eq. (8). Eq. 1 and 2 represent the expressions for the Sigmoid 
function and the tanh function, respectively. 

σ(x)= 1
1 + e− x (1) 

tanh(x)=
ex − e− x

ex + e− x (2) 

ft = σ
(
Wf • xt +Uf • ht− 1 + bf

)
(3) 

it = σ(Wi • xt +Ui • ht− 1 + bi) (4) 

C̃t = tanh
(
Wg • xt +Ug • ht− 1 + bg

)
(5) 

Ct = ft × Ct− 1 + it × C̃t (6) 

ot = σ(Wo • xt +Uo • ht− 1 + bo) (7) 

ht = ot × tanh (Ct) (8) 

Where × denotes element-wise multiplication; • denotes matrix multi
plication; W and U are the weight matrices of the neural network; b is the 
bias vector of the neural network; σ and tanh are activation functions; 
ft、 it、 C̃t、 ot、 Ct、 ht represent the forget gate, input gate, candidate 

cell, output gate, cell state, and hidden state at time step t, respectively; 
xt represents the input sequence data.

The traditional LSTM, commonly employed for addressing N-step 
prediction problems, incorporates a fully connected layer into the 
output ht (Wunsch et al., 2021). The number of units in the fully con
nected layer is set to n, indicating that the hidden state is mapped to an 
n-dimensional vector through a simple fully connected layer to align 
with the data format of the problem. At this point, the n-dimensional 
vector outputs are completely independent and do not influence each 
other. Therefore, when using LSTM for prediction, the sequence corre
lation between output labels cannot be considered (Mu et al., 2023). The 
Seq2seq model is a common framework for time series prediction. The 
encoder maps variable-length source sequences to a fixed-length vector 
to extract important features from the sequence, while the decoder maps 
these features or vector representations to variable-length target se
quences (Fang et al., 2021; Kow et al., 2024). It considers the de
pendencies and correlations between sequences, solves the problems 
existing in the traditional LSTM mentioned above, and can process input 
and output at different time steps (Zhang et al., 2022), eliminates the 
limitation on the lengths of input and output sequences. Therefore, this 
paper selects the LSTM-seq2seq model as the deep learning model for 
predicting water quality.

The LSTM-seq2seq model integrates LSTM into the encoder and 
decoder of the seq2seq model. Its objective is to maximize the condi
tional probability of the target sequence based on the given input 
sequence, as shown in Eq. (9). The process, as illustrated in Fig. S2, 
involves the LSTM encoder transforming the state of the last time step of 
the input sequence into a fixed-length intermediate semantic vector v 
(which theoretically considering the input information of each previous 
time step), and then passing v to the LSTM decoder. The decoder takes 
the vector v as the initial state and decodes it step by step, ultimately 
mapping it to the target sequence (Zheng et al., 2024). This approach 
provides greater flexibility in handling input and output sequences of 
varying lengths, while also takes into account the correlations between 
output sequences, learns long-term dependency information, eliminates 
long-term time lags, and enhances the performance of water quality 
prediction models. 

P(y1,…, ym|x1,…, xn)=
∏m

t=1
P(ym|y1,…, ym− 1, v) (9) 

Where (x1,…,xn) is the input sequence; (y1,…,ym) is the corresponding 
output sequence; n is the input time steps, and m is the output time steps.

2.2.2. Autocorrelation analysis
Autocorrelation refers to the correlation of a sequence of data re

cords with the records from a previous time period (referred to as the lag 
period), used to measure the impact of historical data on the current 
moment’s data. Given a dataset XN, where X1、 X2、 … 、 XN corre
spond to data at times t1、 t2、 … 、 tN, the autocorrelation function 
(ACF) with lag k is calculated as shown in Eq. (10) and illustrated in 
Fig. S3. ACF within the confidence interval indicates that the autocor
relation is not significant within the corresponding lag period and lacks 
statistical significance. The confidence interval (CI) widens as the lag 
increases, calculated as shown in Eq. (11). 

ACF(k)=
∑N− k

i=1 (Xi − X)(Xi+k − X)
∑N

i=1(Xi − X)2 (10) 

CI= ± z1− α/2

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

(

1 + 2
∑k

i=1
ACF(k)2

)√
√
√
√ (11) 

Where Xt is the original data set; Xt+k is the same data set that has un
dergone k-lagged displacements; X is the average value of the complete 
sequence of the original data set; N is the sample size; z is the cumulative 
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distribution function of the standard normal distribution; α is the sig
nificance level.

On the one hand, a strong autocorrelation indicates that the data 
sequence has a similar pattern with its future sequences, which may 
result in higher predictive accuracy. This paper will explore whether the 
features of the data itself directly or indirectly determine the training 
accuracy through the comparison of experimental results. On the other 
hand, the window size and autocorrelation function characterize the 
relationship between current data and historical or future data, so 
determining the window size based on the autocorrelation function is 
theoretically feasible. This study attempts to compare the experimental 
results of different input-output lengths with autocorrelation values to 
investigate whether the autocorrelation of the sequence can be used for 
input step selection and to determine the range of multiples of the input 
steps relative to the output steps.

2.2.3. Logical framework of the system
The general architecture of the Operational Water Quality Prediction 

Mobile System (WQPMS) developed in this study is shown in Fig. 2. This 
system framework is used for the automatic prediction and warning of 
water quality indicators, achieves the cyclical reuse of deep learning 
models, ensures the maximization of data resource benefits, provides the 
most economical and practical decision support, and emergency 
response for water quality management, and has been successfully 
applied in the management system of the Huangshui River basin.

In this system, the water quality data of the automatic monitoring 
station stored in the database will be preprocessed first. Then, the 
autocorrelation of the data sequence will be examined to determine if 
the data sequence is suitable for simulating and prediction using the 
LSTM-seq2seq model. If it passes, the system will retrieve the corre
sponding model from the model repository, conduct accuracy verifica
tion, and directly output the prediction results if the verification is 

Fig. 2. Logical framework of the WQPMS.
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successful; if not, the system will automatically perform parameter 
tuning, training, testing, and accuracy validation. It should be noted that 
automatic parameter adjustment can include input parameters such as 
input time step and hyperparameters such as learning rate and hidden 
layer size, where the parameter range of the input time step is deter
mined based on standard range intervals obtained from the experiments 
in this article. The logical architecture of the system includes the pre
sentation, application, and database layer, as shown in Fig. 2. 

a) The presentation layer. The presentation layer receives user input, 
calls encapsulated methods through the application layer, and then 
visually displays the results processed by the application layer. Users 
are divided into administrators and ordinary users, and administra
tors can modify the model code through configuration files. It pre
sents real-time monitoring information on water quality for various 
sections in tables and maps, and visualizes the statistical trend results 
of water quality predictions for various sections. Also, it displays the 
classification results of water quality monitoring data and prediction 
data based on the Surface Water Environmental Quality Standards 
(GB3838-2002), highlighting the data of water quality exceeding 
standards, allowing user interaction, and supporting section-based 
and time-based queries.

b) The application layer. It is the core component of the system. After 
the model has been identified through autocorrelation, transferring 
application or training as described above, the deep learning model 
is automatically invoked daily to predict water quality indicators at 
the scheduled time. It can also receive execution instructions from 
the presentation layer, read corresponding data from the database, 
simulate the prediction of water quality indicators, and store the 
simulation results in the corresponding database table.

c) The database layer. Centralized storage and management of struc
tural database (such as water quality data, meteorological data, hy
drological data, etc.), spatial database (such as water system data, 
administrative divisions, water functional zones, etc.), file database 
(such as statistical yearbooks, monitoring reports, environmental 
protection manuals, etc.), and model database (in H5 or tf format). 
Specifically, the structural database comprises raw water quality 
monitoring data collected from automatic monitoring stations, and 
preprocessed water quality data that has undergone operations such 
as data cleaning and handling missing values. Additionally, it in
cludes simulated future water quality index data predicted by deep 
learning models at the application layer.

2.3. Experiment setups

This study aims to develop a straightforward, economical, and 
practical operational water quality prediction system framework that is 
applicable to different river basins. This involves quickly determining 
the optimal input time steps corresponding to the output time steps 
required for business needs, exploring the hidden relationship between 
the autocorrelation features of the data and the input time steps or 
model accuracy, and maximizing the utilization of the deep learning 
model. Therefore, this study does not involve modifying the structure of 
the LSTM network or achieving the highest accuracy of the LSTM model 
within the study area.

2.3.1. Model parameterization
The size of the hidden layer in the LSTM-seq2seq network is deter

mined through random search within the search space of the number 
and size of hidden layers, searching 25 times to determine. The opti
mizer used in the model to minimize error and loss is Adam, which 
combines the advantages of the AdaGrad and RMSProp algorithms, can 
dynamically adjust the learning rate, requires fewer memory resources, 
converges faster, has high computational efficiency, and is easy to 
implement (Khan et al., 2020). The activation function of the Dense 
layer in the encoder and decoder uses tanh. The initial learning rate is set 

to 0.001, and if the loss value on the validation dataset does not decrease 
for several epochs, the learning rate will be automatically reduced. The 
loss function is a key component of the neural network, measuring the 
error between the model’s predicted value and the true value, deter
mining the update and optimization of the model parameters. It was 
demonstrated that the overall model performance is higher when using 
NSE as the loss function than when using MSE as the loss function 
(Kratzert et al., 2019), and the model selects a portion of NSE as the loss 
function (NSE will be detailed in 2.3.3), as shown in Eq. (12). If the batch 
size is too small, the loss function will be difficult to converge, and if it is 
too large, the model may exhibit partial bias, leading to a significant 
decrease in performance (Xiang et al., 2020). After conducting multiple 
experiments, the batch size has been set to 256, and the number of it
erations (epochs) has been set to 600. Since the process of deep learning 
modeling involves randomness and uncertainty, each model is run 15 
times. The proposed LSTM-seq2seq model is implemented in the Ten
sorFlow framework using Python, and preprocessing and result analysis 
are conducted in Jupyter Lab. 

Loss Function=

∑n

i=1

(
yo

i − ys
i
)2

∑n

i=1

(
yo

i − y
)2

(12) 

2.3.2. Input and output time steps setting
The time steps of the input and output sequence (window sizes) 

determine how far back the LSTM-seq2seq model will connect the data 
with its past values and will heavily affect the correctness of the model 
constraints. For example, a smaller window will result in the absence of 
dependency relationships within subsequences, while a larger window 
will significantly increase the model’s computational complexity (Li 
et al., 2022). Therefore, choosing the appropriate window size is crucial. 
In operating systems, the output sequence length is generally deter
mined based on managerial requirements, so selecting the correspond
ing optimal input time length becomes an important research problem 
that needs to be addressed urgently.

This study employs five different input time steps: 6, 18, 42, 90 180, 
corresponding to 24 h, 72 h, 168 h, 360 h, 720 h, respectively. It also 
uses four different output time lengths: 2, 6, 18, 42, corresponding to 8 
h, 24 h, 72 h, 168 h in the future. The selection of progressive time steps 
aims to demonstrate the cascade of long-term dependency in time series, 
facilitating the exploration of the advantages of daily, weekly, or 
monthly-scale inputs and meeting the predicted needs of different short- 
, medium-, and long-term lengths.

2.3.3. Evaluation metrics
This study uses the Nash efficiency coefficient (NSE), the root mean 

square error (RMSE), and the normalized root mean square error 
(NRMSE) to evaluate the performance of the model. NSE is a normalized 
statistic that assesses the goodness of fit of the model by comparing the 
ratio of the simulated value sequence to the observed value sequence 
with the 1:1 line, and it is the best objective function to reflect the 
overall fit of the hydrological process (Servat and Dezetter, 1991). NSE 
ranges from (-∞, 1], and when NSE is less than 0, the model performance 
is considered worse than a model that only produces the mean value, 
indicating that the model performance is unacceptable. When NSE is 
between 0 and 1, the model performance is generally considered 
acceptable, and the closer it is to 1, the more accurate the model can 
predict water quality indicators, as shown in Eq. (13). However, NSE can 
lead to inaccurate evaluation results when the variance of the observed 
data is slight or close to zero, so RMSE and NRMSE are used for addi
tional assessment. RMSE is an evaluation index that measures the 
proximity between observed and simulated values and is sensitive to 
outliers. Its calculation formula is shown in Eq. (14), with a range of [0, 
+∞), and the closer it is to 0, the more accurate the model prediction. 
NRMSE normalizes RMSE, allowing for comparison between different 

L. Xie et al.                                                                                                                                                                                                                                       Environmental Modelling and Software 185 (2025) 106290 

6 



datasets, as shown in Eq. (15). 

NSE=1 −

∑n

i=1

(
yo

i − ys
i

)2

∑n

i=1

(
yo

i − yo
)2

(13) 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(
yo

i − ys
i
)2

n

√
√
√
√
√

(14) 

NRMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(
yo

i − ys
i
)2
/

n

√

yo (15) 

Where yo
i is the i-th observed value of the evaluated indicator; ys

i is the i- 
th simulated value of the evaluated indicator; yo is the average value of 
the observed data of the evaluated indicator; n is the total number of 
observed data.

3. Results

3.1. Predictive performance analysis of LSTM-seq2seq models

3.1.1. The predictive performance on different water quality indicators
Fig. 3 and Fig. S4 show the distribution of NSE and NRMSE results of 

LSTM-seq2seq on the test set for each input-output time steps combi
nation. Overall, there is an obvious pattern: with the increase of time 
steps, the model performance of all indicators shows a significant 
downward trend (NSE gradually decreases, NRMSE gradually increases). 
The degree of this decrease in accuracy varies with different indicators. 
Fig. 3 shows that all indicators except Tur can achieve a performance 
status with NSE>0.75 in short-term forecasts. However, across 15 
repeated random experiments, the maximum precision achievable by 
each indicator varies, as does the probability of achieving excellent 
performance. Specifically, for WT, DO, EC, pH, CODMn and NH3-N, with 
relatively small coefficients of variation, all NSE are above 0.8, with the 
majority even surpassing 0.9. For WT and DO, some random experi
mental results show discrete low values. For Tur indicator, with a dif
ference of up to 731.6 between the maximum and minimum 
concentration values (as shown in Table 1), the precision decreases 
below the NSE = 0.75 line with increasing input step length. In mid to 
long-term forecasts, the performance gap between each indicator 

Fig. 3. Violin plots of NSE distribution for each indicator on the test set. The red lines represent the baselines of NSE = 0.75 and NSE = 0.5 where previous studies 
considered the model satisfactory when NSE≥0.5 and excellent when NSE≥0.75 (Xiang et al., 2020).
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becomes increasingly significant. With an output time step of 168 h, NSE 
for WT, EC, and pH can still reach 0.8, or even around 0.9 under various 
input conditions, while the precision of DO and NH3-N indicators de
creases to below the NSE = 0.75 line, and for CODMn and Tur, when the 
input time step is less than the output time step, indicator precision can 
even drop below the 0.5 level. As we observe Table 1, we can see that the 
coefficients of variation for NH3-N, CODMn, and Tur are the top three 
highest.

The above indicates that the distribution characteristics of the data 
itself are related to the performance of the model to a certain extent. In 
order to further explore this specific relationship and the differences in 
the performance of various indicators, this study statistically analyzed 
the relationship between model performance and the autocorrelation 
values of the data. As shown in Fig. 4, the Pearson correlation coefficient 
(r = 0.703) revealed a significant positive correlation between auto
correlation values and model accuracy, which means the higher the 
autocorrelation value, the higher the accuracy the indicator can achieve. 
It can be observed from Fig. 4 that each water quality indicator exhibits 
a specific clustering trend in its distribution on the graph, indicating that 
the autocorrelation values for each indicator at different window sizes 
are relatively concentrated, and the corresponding accuracies also fall 
within a range of relative clustering. Due to the decrease in autocorre
lation values with increasing lag in the early stages and the variable 
speed and degree of reduction for different indicators, the disparity 
becomes more significant with longer lags, especially in long-term pre
dictions. As depicted in Fig. 4, in long-term forecasting, the differences 
in autocorrelation values and distribution precision between different 
indicators are more pronounced and dispersed, while those between the 
same indicators are more concentrated. In particular, the accuracy of 
WT, EC, DO and pH in long-term predictions is far higher than the other 
three indicators, with their autocorrelation values also being relatively 
high. In contrast, Tur exhibits lower autocorrelation values across all 
window sizes in long-term predictions, and its predictive accuracy is less 

than ideal. It is evident from this that the inherent characteristics of the 
indicator, to some extent, determine the maximum accuracy achievable 
when the LSTM-seq2seq model predicts water quality indicators. In 
practice, the suitability of the model for predicting a certain indicator 
can be determined through this relationship before applying the LSTM- 
seq2seq model.

3.1.2. Comparison between LSTM-seq2seq and LSTM, lasso models
To evaluate model performance, we used Lasso regression model and 

the LSTM model without the seq2seq structure as the benchmark 
models. We trained both models under the same input-output step 
conditions, and the NSE results on the test set are shown in Table S1. For 
the Lasso model, as the input time step increases, the model can capture 
more collinear information from the data, leading to higher accuracy. 
However, when the input time step is shorter, the window size becomes 
smaller, resulting in more data blocks and higher data complexity. The 
model cannot identify collinear trends from the complex dataset, leading 
to lower accuracy. The most evident observation pertains to the WT 
indicator at an output time step of 168 h. When the input time step is set 
to 720 h, the model achieves a NSE of 0.89. However, as the input time 
step is reduced to 24 h, the model’s NSE plummets to 0.28, and for the 
NH3-N and Tur indicators, the model’s NSE even falls below zero. In 
contrast, when the input time step changes, especially when the input 
time step is smaller than the output time step, the accuracy of LSTM and 
LSTM-seq2seq shows a more stable state. This indicates that the two 
models can better capture the randomness, nonlinearity, and multi- 
timescale variations of water quality data, extracting more helpful in
formation from nonlinear data. For the LSTM model, the accuracy in 
short to medium-term prediction is not as good as LSTM-seq2seq. While 
with an increase in output time step, the accuracy of LSTM-seq2seq 
decreases, and LSTM shows a similar accuracy to LSTM-seq2seq in 
predicting the DO, EC, and pH indicators in long-term prediction. In 
certain cases, the NSE of LSTM is even slightly higher than that of LSTM- 

Fig. 4. The relationship between autocorrelation of different indicators and model performance under different forecast time steps.
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seq2seq but does not exceed 0.1. For instance, When both the input and 
output time steps of the DO indicator are set to 168 h, the NSE of the 
LSTM model surpasses that of the LSTM-seq2seq model by approxi
mately 0.057.

In order to more comprehensively compare the predictive perfor
mance of the three models, we will gradually display the prediction 
accuracy of each indicator at each output time step under 168h condi
tions for input and output, as shown in Fig. 5 and Fig. S5. It can be 
observed that both the Lasso model and the LSTM-seq2seq model exhibit 
a trend of decreasing accuracy with increasing step length, which aligns 
with the pattern discussed above. Furthermore, the LSTM-seq2seq 
model demonstrates better accuracy in predicting each indicator and 
the accuracy decreases more gradually with the time step than the Lasso 
linear regression model. For the LSTM model, in terms of the accuracy at 
each step, it is less stable and exhibits greater fluctuation than LSTM- 
seq2seq. For example, the difference between the highest and lowest 
NSE of the Tur indicator output sequence can reach 0.65, and the NSE of 
the last step of NH3-N is as low as − 4.407. Comparatively, the variations 
of LSTM-seq2seq are much more stable.

3.2. Effect analysis of input time steps

The window size is the sum of the input and output time steps. In 
operational systems, managers usually specify the desired output time 
step. Therefore, determining the most appropriate input time step range 
for this specified output length becomes crucial. The above indicates 
that the characteristics of the data itself, to some extent, determine the 
training accuracy. To explore whether the autocorrelation of the 
sequence can be used for the selection of input time steps, we compare 
the NSE and autocorrelation values of different input-output combina
tions of different indicators. Through Fig. S6, we can clearly observe that 
the autocorrelation values of all indicators exhibit a monotonically 
decreasing trend with increasing window size. For the same output time 
step, the model accuracy shows complex fluctuations with changes in 
the input time step rather than a monotonic increasing or decreasing 
trend. Therefore, selecting input time steps based on autocorrelation 
poses particular challenges.

To investigate the complex fluctuation phenomenon, we fitted the 
NSE means across 15 experiments with different input time steps of 
different indicators, as shown in Fig. 6. It can be observed that, under the 
same output steps, the accuracy change trend of different indicators at 

Fig. 5. The NSE accuracy at each output time step under 168h conditions for input and output.
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different input step sizes is basically consistent, which means that the 
input step has a specific common effect on the performance of different 
indicator models. For short-term prediction, the model accuracy initially 
decreases with the increase in input steps and rebounds after a particular 
time step. For example, when the input time step is 168 h, the NSE 
distribution decreases to the lowest for WT and pH, while for DO, Tur, 
NH3-N, and CODMn with an input time step of 360 h. After the rebound, 
the accuracy distribution is more dispersed, and most of the highest 
values after the rebound are lower than the lowest values under the 
conditions of the previous few input steps, indicating a substantial 
reduction in model efficiency. For the EC indicator, the model’s accu
racy reaches the lowest point at an input time step of 72 h, and under 
subsequent input conditions, the accuracy becomes more concentrated 
and higher. Considering the high accuracy of the EC indicator under all 
input time steps, and the trends of most indicators, we believe that the 
optimal input time step for short-term forecasting is the time step at a 
daily scale within 72 h. For mid-term prediction, when the input time 

steps are 24 h and 720 h, the NSE distribution of WT is more scattered, 
leading to a decrease in model efficiency, and DO, EC show a decrease in 
efficiency when the input time step is 360 h. Indicators pH, Tur, NH3-N, 
and CODMn exhibit lower accuracy at the input time step of 24 h, 
achieving a maximum accuracy lower than the minimum under neigh
boring step conditions. However, due to these four indicators’ concen
trated overall accuracy distribution, the difference in NSE is 
insignificant. For the input step of 360 h, the NSE distribution of these 
four indicators starts to become relatively scattered. Therefore, input 
time steps between 72 h and 168 h have a competitive advantage for 
mid-term forecasting. In long-term forecasting, the majority precision of 
the WT and DO in most random experiments is concentrated, with 
numerous shallow values at input time steps of 24 h and 720 h, affecting 
the distribution of NSE. The distributions of the other four indicators are 
more concentrated, with no shallow values. In 15 random experiments 
at each input time step, the precision at an input time step of 24 h is 
lower, reaching its mean or upper edge peak at 360 h and more scattered 

Fig. 6. The NSE change fitting plots at different input time step for various each indicator.
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at 720 h, with the median and lower quartile relatively low. Therefore, 
we consider the optimal time step for long-term forecasting to be be
tween 72 h and 360 h, or approximately 0.5–2 times the output time 
step.

3.3. Assessment of model transfer application

We applied the model trained in the Tuojiang River basin to the 
Huangshui River basin, with the NSE and NRMSE results of each site and 
each index under different input-output time step combinations shown 
in Fig. 7 and Fig. S7, respectively. It is evident that the differences in 
accuracy under different conditions are significant. When the output 
time step increases under the same conditions as the station and input 
time step, the accuracy of the same indicators will decrease, and this is 
an inevitable result. For short-term forecasting, the NSE values of WT, 
DO, pH, and CODMn are all above 0.5. The accuracy at the Taal, Runze, 
and Zamarron sites is relatively low, but the accuracy can reach 0.75 or 
higher, with relatively low NRMSE values at the remaining three sites. 
The differences between EC, Tur, and NH3-N across different sites are 
more pronounced. For instance, when the input time step is 72h, the NSE 
value for EC at the Minhe site is as high as 0.859, while at the Taal site, it 
is only 0.095. When predicting in the mid-term, the NSE of WT, DO, and 
pH can generally reach above 0.5; the accuracy of the EC indicator is 
relatively low at the Taal and Xiaoxia stations, with NSE around 0 and 
NRMSE greater than 1. Tur, CODMn, and NH3-N have NRMSE greater 
than 1 at all stations, indicating that the error of the prediction model 
exceeds the range of the original data series, resulting in low accuracy. 
When making long-term predictions, the accuracy of various indicators 
notably decreases. While WT, Tur, CODMn, NH3-N, and EC at some 
stations exhibit NSE higher than 0.5, the NRMSE at almost all stations 
exceeds 1.5. This suggests that the model effectively captures water 

quality variations, explaining a significant portion of the data’s vari
ance, but the predictive values are not sufficiently accurate. This 
discrepancy may be due to the presence of outliers or anomalous values 
in the water quality index sequence of the Huangshui River Basin 
compared to the data range of the Tuojiang River Basin.

In our study, the autocorrelation values significantly correlate with 
model accuracy mentioned in section 3.1.1. To validate this result and 
explain the differences in accuracy between different sites in transfer 
applications, we also conducted a statistical analysis on the relationship 
between autocorrelation of each water quality indicator series at various 
sites and NSE, as shown in Fig. 8. For overall term forecasts, the Pearson 
correlation coefficient between the two is 0.452, indicating a moderate 
correlation. It can be observed from the graph that the lower the auto
correlation coefficient of the same indicator at different sites, the rela
tively lower the accuracy at different sites. However, the accuracy of 
different indicators and autocorrelation values show varying rates of 
change with the time window, potentially leading to lower correlation 
coefficients. For instance, in short-term forecasts, as mentioned above, 
there is a clear difference between indicators such as WT and NH3-N. 
The autocorrelation value and accuracy of the WT indicator are both 
around 0.8, whereas the accuracy of NH3-N at the Jintan site is relatively 
concentrated around 0.4, with its autocorrelation value also relatively 
low and showing a more dispersed distribution with changes in the 
window, dropping to around 0. In mid-term forecasting, it can be 
observed that the autocorrelation values of WT and DO are generally 
higher than 0.4, with accuracies around 0.5. The pH accuracy is higher, 
but the autocorrelation values are more dispersed, ranging as low as 0. 
In long-term forecasting, the NSE of the NH3-N indicator at the Jintan, 
Taal, and Zamarron sites is relatively low, around 0. The autocorrelation 
values at these sites are also relatively low, mostly less than 0.5, while 
the distribution of WT remains relatively concentrated.

Fig. 7. NSE for migration applications for each indicator at each site in the Huangshui River.
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Overall, although the correlation coefficient is not perfect, it can still 
indicate a specific relationship between model accuracy and the char
acteristics of the data itself and can also be used to assess the reason
ability of the migration application using autocorrelation preliminarily.

3.4. Implementation of the system

3.4.1. System development
We applied the core concept of WQPMS to the water quality man

agement process of the Huangshui River Basin, forming the Mobile 
Intelligent Integrated Management System for the Ecological Environ
ment of the Huangshui Basin, as shown in Figs. 9–13. It has realized real- 
time, efficient monitoring, prediction, and water quality management in 
the Huangshui River Basin, providing higher-level technical support for 
management personnel decision-making. The system includes five pri
mary functional pages. 

a) Home page: The water quality warning information is the core of the 
prediction and warning system. The top of the system’s homepage 
displays early warning message notification bar, as shown in Fig. 9. If 
the system predicts that the water quality exceeds the standard range 
in the Chinese Surface Water Quality Criteria (GB3838-2002) in the 
next seven days, it will display the information of the sites and the 
concentration of the indicators in the warning information bar. In 
order to allow users to conveniently observe the change trends of 
each indicator at each station in a certain time period, the system 
provides options for different sites, periods, and indicators, and users 
can visualize the water quality classification change trend, the pro
portion of different classifications, and the classification attainment 
status under user-selected conditions.

b) Monitor page: The monitor page of the system displays the water 
quality monitoring status of all sections of the entire Huangshui 
River basin in the form of a map, as shown in Fig. 10. The water 
quality status categorizes indicator concentrations into categories 
according to the Chinese Surface Water Quality Criteria (GB3838- 
2002). Additionally, the system provides various interactive options 
for user selection. Clicking "Filter" allows the selection of water 
quality indicators, time range, and section/station. Clicking "Map" 
can change the base map, including the satellite vector maps. 
Clicking "Basin" can show the range and boundary of the Huangshui 
River basin. Clicking "Stream" can display the water system distri
bution of the Huangshui River basin. Clicking "City" can show the 
cities involved in the Huangshui River basin. Clicking "Table" can 
display detailed water quality data for each section, including section 
number, section name, water quality category, and detection time. 
Clicking "Surrounding" can display livestock and poultry breeding, 
industrial enterprises, and sewage treatment plants for the entire 
basin, screen range, and current location. Clicking "Location" can 
locate the current position. Clicking the water quality category on 
the map can display detailed information, change trends, and fore
cast information for the station and can also set a manual buffer zone 
to query livestock and poultry breeding, industrial enterprises, and 
sewage treatment plants within the surrounding buffer zone.

c) Forecast page: For the convenience of users or administrators to view 
the forecast results, the system’s prediction page displays specific 
concentration information and trend of changes for the site’s future 
seven-day water quality forecast, as shown in Fig. 11. Users can 
choose different monitoring sites in the Huangshui River basin, and 
the page first displays the comprehensive water quality category, the 
water quality target category specified by the manager, and the 
water quality compliance status of the selected site. Next, the 

Fig. 8. The relationship between autocorrelation and model performance of migration applications under different forecast time steps.

L. Xie et al.                                                                                                                                                                                                                                       Environmental Modelling and Software 185 (2025) 106290 

12 



predicted concentrations of each indicator for the next seven days are 
displayed in text form. Finally, the trend of each indicator for the 
next seven days is displayed, and users can choose between viewing 
in the form of charts or tables. This type of statistics is conducted 
both on a daily basis and in various indicators, providing users with 
more diverse and comprehensive information.

d) Monitoring problems page: The Monitoring problems page summa
rizes all the detected exceedance information for display, as shown in 
Fig. 12. Users can search by time period and section, and the page 
will display refined exceedance information based on the selected 
criteria. This information includes section names, water quality 
classification, exceedance indicators and specific concentrations, 
exceedance time. Users can also navigate to the map to view spatial 
information on exceedance situations.

e) Messages page: The message subscription page can subscribe to 
different categories of information, including future seven-day water 
quality forecasts, automatic station water quality warnings, auto
matic station water quality monthly reports, and daily air quality 
warning reports. Subscription information will be pushed on fixed 
dates or at fixed times and can be viewed and managed on the 
message management page, as shown in Fig. 13.

3.4.2. Water quality prediction performance
Since the official launch in January 2022, the system has been 

automatically conducting water quality forecasts for the next 7 day at 
00:00 every day. The forecast results are updated in the system at 12:00 
every noon, displaying the status of each water quality indicator under 
the Environmental Quality Standards for Surface Water of China 

(GB3838-2002). Once the water quality at a particular section exceeds 
the standard, a warning will be issued on the homepage. The system 
operates stably overall, and some of the predictive effectiveness of the 
model are shown in Fig. 14 and Fig. S8. Notably, according to the 
WQPMS framework, the Tur indicator failed the autocorrelation test and 
lies outside the management requirements. Therefore, we do not present 
the model performance for the Tur indicator here. Additionally, based 
on the model transfer application effectiveness assessment, the WT, DO, 
EC, and pH indicators from the Jintan station, along with the WT, DO, 
EC, and NH3-N indicators from the Minhe station, meet the precision 
requirements. We use existing models as predictive models for these 
parameters, while other indicators will undergo retraining.

For the Minhe site, all indicators, except for DO, demonstrate 
exceptional performance. It not only accurately depicts the changing 
trends and directions but also predicts extreme values, demonstrating 
the outstanding generalization and accuracy of the LSTM-seq2seq model 
to a certain extent. However, for the DO indicator, the model’s predic
tion performance is not stable. The model predicts more accurately 
during periods of smooth change, whereas for time periods with more 
abrupt values, the model is able to predict the trend of change but not 
the extremes accurately. This issue may arise from uncertainties asso
ciated with applying transfer models. For the Jintan site, only the NH3-N 
index exhibits unsatisfactory performance. The model could not accu
rately predict the extreme values of the NH3-N index, even after we 
retrained the model using data from this site.

In conclusion, despite some dissatisfaction in predicting extreme 
values, this result is acceptable for long-term forecasting of migration 
applications, and this system framework provides a feasible approach to 

Fig. 9. Home page of the WQPMS.
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conveniently and efficiently utilize the advantages of artificial intelli
gence for effective water quality prediction and dramatically promotes 
the practical application of artificial neural networks in real life.

4. Discussion

4.1. The advantage of LSTM-seq2seq model in water quality prediction

To address the complexities of input variable requirements and the 
insufficient diversity in output lengths when applying existing deep 
learning models to operational systems, we developed univariate water 
quality prediction models based on the LSTM-seq2seq and explored the 
model’s performance under various combinations of progressive input 
and output time step. Comparative analyses with linear Lasso model and 
LSTM model without the seq2seq structure demonstrated the superiority 
of the LSTM-seq2seq model in predicting water quality.

Compared to the Lasso model, LSTM-seq2seq possesses a relatively 
complex neural network and encoder-decoder structure, enabling it to 
capture complex non-linearity and non-stationary fluctuations in water 
quality sequences and maintaining relatively stable predictive accuracy 
even with shorter input time step. Relative to LSTM, on one hand, as 
described in section 3.1.2, LSTM-seq2seq and LSTM demonstrated 
similar results in predicting DO, EC, and pH indicators. We observed in 
Table 1 that DO, EC, and pH indicators have the lowest coefficient of 
variation. It indicates that even without using the seq2seq structure, 
LSTM can effectively forecast the trends and changes in these three in
dicators. In other words, LSTM excels in predicting stable water quality 
indicators, yet struggles with highly variable metrics. It has been indi
cated that the higher the degree of data dispersion and the presence of 

small values (close to 0) in the data, the higher the error caused by small 
changes, making it more difficult to predict (Wu et al., 2023). But after 
incorporating the seq2seq structure, the predictive accuracy of in
dicators with significant variations has been enhanced. This suggests the 
superiority of LSTM-seq2seq in handling more drastic changes in in
dicators. On the other hand, LSTM-seq2seq shows greater stability in 
predictions at each step, even though model performance may gradually 
decline as the output sequence length increases. This may be due to the 
seq2seq architecture, where the encoder and decoder process sequences 
rather than producing direct or recursive outputs. Consequently, this 
takes into account the continuity of the output sequence, resulting in 
more stable performance for predictions at each step (Zhou et al., 2023). 
Regarding the issue of diminishing accuracy, similar results have also 
been obtained in previous research and explained that this may be 
because the longer the sequence, the more uncertain noise in the data, 
which disturbs the model’s ability to learn complex relationships from 
the sequence data and leads to reduced accuracy in predictions (Xiang 
et al., 2020; Chen et al., 2020; Sabzipour et al., 2023). In long-term 
forecasting, uncertainty factors will increase with the prediction 
length, leading to error accumulation and reduced prediction accuracy.

In summary, LSTM-seq2seq performs better in predicting indicators 
with more drastic changes and considers the continuity of the output 
sequence, ensuring more stability in predictions at each step. During our 
exploration of the aforementioned issues, we were surprised to discover 
the significant role that the intrinsic characteristics of data play in model 
predictions. The data exhibits a high coefficient of variation. Longitu
dinally, the model struggles to accurately predict extreme values due to 
an insufficient number of extreme sample data (Man et al., 2023). 
Horizontally, as discussed in section 3.1.1, the low interdependence 

Fig. 10. Monitoring page of the WQPMS.
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among data points hampers the model’s ability to infer future trends 
from prior information. Prior research often involved preprocessing data 
using methods like smoothing or detrending (Zou et al., 2020), aiming to 
eliminate the impact of the data’s inherent features. While this approach 
has its merits, it risks losing crucial information and complicating in
verse transformations. Perhaps for modelers, it is crucial to leverage 
systematic principles and inherent rules of geospatial data to enhance 
models’ extrapolation and adaptability, thereby transcending the limi
tations posed by the data itself. This represents a key focus for our future 
efforts.

4.2. Application of the WQPMS framework

Considering the practicality of deep learning models in operational 
systems, we propose a relatively simple and feasible framework for the 
cyclical reuse of models, as shown in Fig. 2. First, for selecting input 
steps, we analyzed the common patterns across 15 experiments for each 
of 20 different combinations using seven indicators. To be honest, the 
range of multiples we provide is approximate and does not need to be 
completely precise to several decimal places. We aim to provide re
searchers with a relatively small range and standard to facilitate quicker 
selection, whether using manual settings or automated optimization 
algorithms. Secondly, we assess the suitability of indicators for predic
tion by utilizing the autocorrelation features of the data. For time series 
data, the most prominent characteristic is temporal dependence, which 
indicates that the data from past states is correlated with the data from 
current or future states. The autocorrelation value serves as a quanti
tative measure of this relationship, determining the correlation of the 
series at various lags (Jónsdóttir and Milano, 2019). A high autocorre
lation value indicates a strong correlation between data sequences, 
suggesting that the model can effectively leverage previously learned 
patterns to make accurate predictions about future states, thereby 
achieving a high level of predictive accuracy, as illustrated in Fig. S3 and 

Figs. 3 and 4. This bears a certain resemblance to the research conducted 
by (Recuero et al., 2019) on enhancing the classification accuracy of 
machine learning models through the use of autocorrelation values. 
Indeed, the accuracy of the model is influenced by various factors. This 
paper offers a relatively convenient criterion for assessing model suit
ability based on the common characteristics of the relationship between 
multi-indicator autocorrelation and accuracy. This enables managers to 
leverage the intrinsic characteristics of the data to estimate the potential 
accuracy of the model, thereby saving significant computational re
sources and time costs. Furthermore, for the target water quality 
sequence, we invoke the appropriate models from the model database 
under the corresponding conditions, conduct predictions, and evaluate 
prediction performance to achieve model transfer application. Trans
ferring the trained model only takes a few seconds to predict the results, 
saving a lot of time and data resources and providing a feasible and 
effective method for water quality prediction and early warning in 
watersheds with insufficient data. However, as stated in section 3.3, the 
model of the migrating application generally exhibits excellent perfor
mance in short-term predictions, but as the output time step increases, 
the predictive performance of transfer learning models on indicators 
with low autocorrelation is suboptimal. This may explain the instability 
or inadequacy of transfer application models when predicting long-term 
outcomes with highly variable or weakly autocorrelated indicators. This 
is also why we have evaluated model suitability based on data auto
correlation from the outset. Ultimately, we established the WQPMS 
framework and successfully facilitated the development and operational 
functionality of the water quality prediction component within the 
Huangshui River management system. In light of the relatively poor 
predictive performance of the NH3-N index at the Jintan site, it is 
noteworthy that, firstly, the data for the Huangshui River basin is scarce. 
The retraining of the NH3-N model relied on just 6030 data points, 
which may have led to underfitting due to insufficient samples. Sec
ondly, as mentioned in section 4.1, the NH3-N concentration values 

Fig. 11. Forecasting page of the WQPMS.
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Fig. 12. Monitoring problems page of the WQPMS.

Fig. 13. Messages page of the WQPMS.
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approach zero. Consequently, slight variations during data preprocess
ing and model training could yield significant changes in outcomes, such 
as outlier treatment, interpolation, normalization, and denormalization 
operations. Regarding the indexes that require retraining for other sites 
in the Huangshui River Basin, they have demonstrated excellent per
formance with less data. This further highlights the superiority of the 
LSTM-seq2seq model. As discussed in section 4.1, we anticipate further 
improvements in future models, resulting in reduced data requirements 
and more stable performance. We also look forward to the broader 
application of the WQPMS framework in other operational systems.

5. Conclusion

The accuracy and efficiency of water quality prediction and early 
warning system are crucially dependent on a simple, convenient, and 
reliable system processes and framework. In this study, we constructed 
the high-precision univariate water quality prediction model based on 
LSTM-seq2seq, proposed a reference standard range of input steps for 
short, medium, and long-term prediction by exploring the relationship 
between the input and output step lengths, and maximized the utiliza
tion of single-variable data resources. Also, we achieved the transfer and 
recurrent application of deep learning models. Finally, we integrated the 

entire method framework to form a more cost-effective, adaptable, and 
sustainable water environment prediction systems.

The comparison between experimental and transfer application re
sults has demonstrated the effectiveness of the proposed system frame
work. Compared to Lasso (a linear regression model) and LSTM (a model 
without seq2seq structure), the LSTM-seq2seq model is capable of 
capturing the nonlinear features of complex time series and exhibits 
superior performance considering the continuity of output sequences. 
Applying the model transfer to the Huangshui River Basin also shows 
satisfactory performance in short-term forecasting NSE, which can result 
in significant savings in resources and time costs. However, the method 
framework still has some limitations and shortcomings. Fistly, the long- 
term predictive performance still needs improvement for indicators with 
poor stability, such as CODMn and Tur. Subsequent efforts can be made 
to improve the predictive effects by increasing the complexity of the 
model structure, by enhancing parameterization (Wang et al., 2016) or 
incorporating physical mechanisms (Maciąg et al., 2023; Tan et al., 
2023; Zhan et al., 2024). Secondly, the universality of training models 
for some indicators still needs further improvement, and subsequent 
efforts can be made to enhance the interpretability of the model to 
improve its generalization ability further (Cai et al., 2024).

In conclusion, the system framework introduced in this study can be 

Fig. 14. Long-term prediction effectiveness of six indicators at Minhe Station from June to November 2023.
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used for water quality prediction and early warning at any monitoring 
site or section in need. It may be particularly beneficial for research 
teams with long-term monitoring plans, as it would form a complete and 
comprehensive database and model library, allowing for accurate pre
dictions of short-term, medium-term, and long-term water quality 
forecasts.
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