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ABSTRACT. The prediction of basin water quality has become an urgent need for water environment management, where water pol-

lution is on the increase. Currently, physical models are primarily used for water quality predictions, but the models are not adaptable 

for the automatic future prediction of watershed water quality owing to their non-automatic boundary setting. The development of big 

data, which has led to artificial intelligence (AI) technology, has remedied the deficiency of physical models and has been widely used 

in water quality prediction. However, the accuracy of AI models depends only on the quantity and quality of dataset, which is applied 

on specific and discrete sections with enough data and difficult to extend to regions with limited monitoring data. Thus, we constructed 

migration and distribution gates to express the spatial influence of different variables from different sections on the water quality of a 

specific and discrete section. The temporal processes were expressed by degradation equation. The migration gate, distribution gate and 

degradation equations were incorporated into Long Short-Term Memory Network (LSTM) to improve the operation mechanism of the 

LSTM algorithm to create the Im-LSTM model, which considers both the temporal influence of a specific section and the spatial influ-

ence of other sections on a specific section at basin scale. Compared to ANN, LSTM, Im-LSTM showed the best performance for basin 

water quality prediction, especially for mainstream sections at sudden pollution process. Thus, the proposed Im-LSTM provides a new 

approach for water environment supervision. 
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1. Introduction 

Water pollution management was become a challenge 

with the increase occurrence of sudden and hidden water pol- 

lution events (Xu et al., 2021), accurate prediction of water 

quality based on different models is the foundation for effective 

pollution control (Wang et al., 2019b). Transport and transfor- 

mation processes of pollutants in rivers are complex, which in- 

fluenced by various factors, such as temperature, precipitation, 

runoff, physical chemistry, and land use (Elhatip and Komur 

2008; Chang et al. 2016; Wang et al., 2019a). Presently, the 

main methods for water quality prediction are classified into 

physical models and non-physical models according to the the- 

oretical basis of models (Yeon et al., 2008). Physical models, 

for example, the commonly used water quality prediction mod- 

els are the Soil and Water Assessment Tool (SWAT) and Storm 

Water Management Model (SWMM), are based on the motion 

equation, continuity equation and energy equation in fluid me- 

chanics to simulate the diffusion and migration law of water 

pollutants with space and time under the action of physics, 
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chemistry and biology processes (Zhang et al., 2022). Obvious-

ly, the built model and calibrated parameters based on histori- 

cal data cannot be applied to future unconventional water envi- 

ronment management (Xue et al., 2020). The construction of 

the model depends on the previous historical data, real-time 

monitoring data cannot help to optimize model by updating 

parameters, thus the future-oriented prediction error will ex-

pand because the parameter update is not timely with variable 

condition (Elhatip and Komur, 2008; Hong, 2012; Su et al, 

2019), which is not suitable for automatic monitoring and pre-

diction in basin scale. In addition, the future boundary condi-

tions were set by history or manual, which is not suitable for 

future automatic perdition. 

The development of big data, which has led to artificial 

intelligence (AI) technology, is a remedy for the deficiencies in 

water quality models (Palani et al., 2008; Yeon et al., 2008; 

Wang et al., 2017; Hu et al., 2019). Since 2008, artificial intelli- 

gence technology has been widely used in the field of water 

quality prediction (Yeon et al., 2008). Biochemical oxygen de- 

mand (BOD) predictions resulting from the use of artificial 

neural networks (ANN)are faster and more accurate than those 

from other conventional methods. Results have shown that 

chemical oxygen demand (COD) is the most effective variable 

for estimating biochemical oxygen demand through sensitivity 
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analysis (Dogan et al., 2008; Dogan et al., 2009). Multilayer 

perceptron (MLP) and generalized regression neural network 

(GRNN) models, in which different inputs are selected through 

step-by-step construction methods, can predict suspended sol-

ids (SS) and dissolved oxygen (DO) via multistep prediction 

(Areerachakul et al., 2013). For time-series problems, LSTM 

(Long Short-Term Memory) has the best prediction ability in 

many studies owing to its unique gate structure, which enables 

the capture and transfer of long-term dependencies over time 

(Piotrowski et al., 2015; Chen et al., 2021; Prasad et al., 2022; 

Zhang et al., 2022). Even though AI methods showed high ac- 

curacy on different predict problems, the accuracy only de- 

pends on quantity and quality of the input dataset (Xie et al., 

2021; Xie and Yao, 2022), which is suitable for specific and 

discrete sections with enough data and difficult to extend to re- 

gions with limited monitoring data (Palani et al., 2008). Since 

these models have no assumptions of the processes underlying 

the data, known laws or theory are ignored and this omission 

can lead to spurious and inaccurate predictions (Nayak et al., 

2013; Lazer et al., 2014). Therefore, the coupling of physical 

mechanisms with artificial intelligence algorithms has been an 

increasingly interesting hotspot (Xie et al., 2021). The most 

common coupling method is the output of one model is used as 

the input of the other model, called loose coupling. For exam- 

ple, to improve physical model accuracy, some complex and 

dynamic parameters of the physical models were extracted 

based on AI model and then integrated into the physical model 

during simulation process (Yan et al., 2019; Koppa et al., 2022). 

Koppa et al. (2022) built a deep learning algorithm to obtain a 

variable parameter suitable for different regional scales, which 

then replaced the static parameters of the physical model for 

global ET prediction. In contrast, to deal with insufficient train- 

ing data for AI model in limited data region, the output of a 

physical model is the input data for AI training (Xie et al., 2021; 

A et al., 2022). Even though loose coupling can deal with some 

drawbacks of physical and AI model that can improve trust in 

outcomes, their foundation drawbacks within themselves have 

no solved. According to the new modeling paradigm — “The- 

ory‐Guided Data Science” (Read et al., 2019; Liu et al., 2022), 

water temperature was predicted by integrating the energy bal- 

ance equation into an AI model as a loss function (Read et al., 

2019). However, the loss function focuses on the entire control 

of total prediction by constraining the final outputs. Few stud- 

ies have focused on the physical constraints on AI processes; 

they include many nerve cells, layers, and connections, and ap- 

pear black to researchers (Siljic et al., 2015; Chen et al., 2022), 

especially in the field of water quality prediction.  

The water quality of a specific section is determined by 

different processes, such as the spatial transformation process 

among different sections and temporal degradation by oxida- 

tion. Thus, this study focused on the physical expression of spa- 

tial transformation and temporal degradation, and the expres- 

sion was integrated into an AI model. Based on the near-real- 

time observation data of different sections, this study combines 

the mechanism equation and artificial intelligence algorithm to 

mine the resolution law of different pollutants in a specific sec- 

tion over time and the migration law between different sections 

over space driven by the outside world, and realizes the dy- 

namic construction and prediction of the model, which can be 

used in long-term prediction practice at basin scale. Our objec- 

tives were to 1) construct physical equations to express spatial 

and temporal influences on a specific section, 2) incorporate 

the physical equations into a suitable AI model, and 3) train and 

evaluate the efficiency of the Hybrid Model for basin water 

quality prediction at different sections. 

2. Model Data and Model Framework 

2.1. Study Area 

The Xiaoqing River is an important man-made excavated 

river in Shandong Province. Its main function is to provide 

flood control and waterlogging, supplemented by irrigation, 

navigation, and ecological landscapes. Starting from Muli-

zhuang, the Xiaoqing River flows eastward through Zhangqiu 

and Shouguang in the Licheng District of Jinan city to Yang-

jiaogou, where it reaches the Bohai Sea (as shown in Figure 1). 

The total length of the Xiaoqing River is 233 km, the drainage 

area is 10,336 km2, the average channel slope is 0.15‰, and 

the river network density is 0.27 km/km2. The upper reaches 

stretch from Mulizhuang to Huangtaiqiao, with a length of 22.2 

km and a slope of 0.45‰. The middle reaches of the river 

stretch from Huangtaiqiao to Shichun, with a slope of approxi-

mately 0.14‰. From Shichun to its mouth, the river extends 

77.5 km in length, with a slope ratio of approximately 0.064‰. 

The water replenishment of the Xiaoqing River Basin mainly 

depends on natural precipitation. In the basin, average surface 

water resources are approximately 1.33 × 108 m3, average ground-

water resources are 1.57 × 108 m3, and average total water re-

sources are 2.42 × 108 m3 (excluding the amount of repeated cal-

culation); the approximate water production modulus is 170,000 

m3/km2. The cities through which the Xiaoqing River flows are 

important economic centers in Shandong Province and contain 

many industrial point sources and agricultural nonpoint sources 

of pollution in the basin.  

2.2. Hybrid Model Framework 

2.2.1 Basic Model Frame of LSTM  

LSTM is based on RNN (Recurrent Neural Networks) in- 

novation and development. The RNN infrastructure (Figure S1) 

is composed of the input layer, hidden layer and output layer; 

the hidden layer consists of the continuous temporal character- 

istics of the information contained in the learning process. The 

specific calculation equation is as follows:  

 

( )t to g Vs=  (1) 

 

1( )t t ts f Ux Ws −= +  (2) 

 

x is the network input layer of the input data (vector), s is 

the output of hidden layer calculated data (vector), o is the out- 

put layer to obtain the final data (vector), U is the matching 

weight matrix of input data 𝑥, V is the matching weight matrix 
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Figure 1. Location of Xiaoqing River basin and its monitoring stations. 

 

of hidden layer s, and W is the matching weight matrix in the 

cycle. g () and f ()
 
are the activation function, t and t – 1 mean 

the time of current state and previous state.  

The frame of LSTM was shown in Figure S2. the input 

value of LSTM has three values at time t: the input value of the 

current time is xt; the output value of the previous moment is 

ht-1; and the unit state of the previous moment is ct-1. The LSTM 

output has two values: the current moment output value ht and 

the current moment unit state ct. LSTM realizes the contin- 

uous transmission of timing information features through the 

above variables and proposes a forget gate, input gate and out- 

put gate. The concept of the gate method (see Figure S3) is that 

the forget gate determines how much information of the united 

state ct-1 at the last moment is retained to the current moment ct; 

the input gate determines how much information from the cur- 

rent input xt is saved to the cell state ct; and the output gate 

control unit state ct determines how much information is output 

to the current output value ht (Wang, et al., 2019b). The equa- 

tions of LSTM’s forget gate, input gate and output gate and 

other core algorithms are as follows: 

 

1( [ , ] )t f t t ff W h x b −=  +  (3) 

 

1 1
[ ] [ ]

t t

f fh fx

t t

h h
W W W

x x

− −   
=   

   
 (4) 

 

1( [ , ] )t i t t ii W h x b −=  +  (5) 

 

1tanh( [ , ] )t c t t cc W h x b−=  +   (6) 

 

1t t t t tc f c i c−= +   (7) 

 

1( [ , ] )t o t t oo W h x b −=  +  (8) 

 

tanh( )t t th o c=  (9) 

 

For Equations (3) to (9), ft is the forget gate; it is the input 

gate;
tc is the current input unit state; ct is the unit state at the 

current moment; ot is the output gate; ht is the final output of 

LSTM; and Wt is the weight matrix of the forget gate, which 

includes Wfh and Wfx. Wfh is the weight matrix of the corre- 

sponding input term ht-1; Wfx is the weight matrix of the corre- 

sponding input term Xt; [ht-1, Xt] is the joining of two vectors 

into a longer vector; bf is the bias term of the forget gate; σ is 

an activation function; Wi is the weight matrix of the input gate; 

bi is the bias term of the input gate; Wc is the weight matrix of 

the current input element state ct; bc is the bias term of the 

current input unit state ct; Wo is the weight matrix of the out- 

put gate; bo is the bias term of the output gate; tanh () is the 

activation function; · means elements multiplication, ◦ means 

matrix multiplication. 

 

2.2.2. Traditional Description of Temporal and Spatial Change 

of Pollutants 

In general, pollutant concentration of a specific section at 

the current time (t) was determined by its self-concentration at 

previous time (t – 1) and other drive process, such as self-degra- 

dation and migration process from other sections to calculated 

section, etc. (Maguire et al., 2019). Self-degradation process in 

time means the pollutant concentration decreases with time un- 

der water self-purification process, such as physical floccula- 

tion, chemical reaction, biological denitrification, which is rep- 

resented by degradation coefficient. Assume that the concen- 

tration of pollutant i in the water body at time t is Ci(t), and the 

degradation coefficient is K (0 < K < 1), which means pollutant 

concentration is reduced by K times per unit time. So, the 

change of pollutant concentration (∆Ci) after time ∆t is: 

 

( 1)i iC K C t t = −  −   (10) 
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Then Equation (5) can be changed to: 

 

( 1)i
i

C
K C t

t


= −  −


 (11) 

 

When ∆t → 0, the above Equation can be changed to: 

 

( 1)i
i

dC
K C t

dt
= −  −  (12) 

 

For Equations (10) ~ (12), Ci(t) and Ci(t – 1) is the concen- 

tration of pollutant i at time t and t – 1. K is the first-order degra- 

dation coefficient, which means the change rate of pollutant i. 

The degradation coefficient is a constant but varies with differ- 

ent pollutant types and water conditions, which was deeply 

studies in many regions. According to Chinese Academy for 

Environmental Planning published The Technical Guidelines 

of National Water Environmental Capacity, the initial value of 

K for COD and NH3-N were set as 0.08 d-1. 

Generally, the spatial distribution of all natural elements 

(including pollutants) has structural and random characteristics. 

The structural distribution characteristics mean that the spatial 

aggregation or dispersion distribution characteristics of pollu- 

tants keeps relatively stable and can be extracted by all sections 

in the whole basin. And the pollutant concentration on the cal- 

culated section follows the whole distribution pattern at basin 

and is highly correlated with its around sections. In addition, 

pollutants concentration on calculated section is also influ-

enced by spatial migration process with other sections. And as 

previous studies reported that (Flores et al., 2019; Xu et al., 

2021) the closer distance between calculated section and a 

specific section the higher influencing degree of the specific 

section on calculated section. Thus, the spatial migration and 

distribution influences on calculated section from other sec-

tions was defined by Euclidean distance among water pollutants:  

 

' 2

i 1

[ ( ) ( )]

, )'(

n

i iC x C x

Eu x x
n

=

−

=


  (13) 

 

where Eu(x', x) is the Euclidean distance of water quality be-

tween the calculation section (x) and other monitoring sections 

(x'), C(xi) means the concentration C of pollutant i at section x, 

n means the number of pollutants.  

 

2.2.3. Hybrid Model Framework 

Based on the spatial migration and distribution influence 

of pollutants concentration, we construct a state unit that can 

express the spatial correlation of water quality at different sec- 

tions referring to the LSTM cells Equations, named the migra- 

tion gate and distribution gate. The migration gate determines 

how much water quality information is transferred from other 

monitoring section at the previous moment to the calculated 

monitoring section at the current moment. The distribution gate 

determines how much water quality information of calculated 

section should be reserved following the whole spatial distri- 

bution pattern, which extracted from all the other sections at 

current time. The specific calculation equation is as follows: 

 

'

1

1
max( [ , ] )

( ', )
t m t t mm W X x b

Eu x x
−= +  (14) 

 
'( [ , ] )t d t t dd W X x b= +  (15) 

 

where mt is the migration gate, dt is the distribution gate, Wm is 

the weight matrix of the migration gate, Wd is the weight matrix 

of the distribution gate, bm is the bias term of the migration gate, 

bd is the bias term of the distribution gate. xt is the input tensor 

of calculation section at the current time (t), X't-1 is the input 

matrix of other monitoring sections besides calculation section 

at the previous moment (t – 1). X't is the input matrix of other 

monitoring sections at the current time, Eu(x', x) is the Euclid-

ean distance of water quality between the calculation section (x) 

and other monitoring sections (x'). And max() and σ are active-

tion functions. 

Equation (14) introduces the Euclidean distance of the 

spatial section into the weight optimization mechanism of the 

migration gate. The inverse of Euler distance (1 / Eu(x', x)) is 

used to represent the migration influencing degree of pollutants 

concentration from a specific section to calculation section, be- 

cause the closer distance the more pollutants migration to cal- 

culation section. Through the max() activation function, the 

maximum migration influence of a specific section at previous 

time on calculation section is obtained.  

As above described, the physical process of pollutants, 

such as degradation and migration, is important for water qual- 

ity prediction but has not considered in data-driven models. 

The degradation coefficient in Equation (13) was incorporated 

into Equation (5), a modified new input gate equation can be 

obtained: 

 

1(- [ , ] )t i t t ii K W h x b −=   +  (16) 

 

Equations (14) and (15) into Equation (9), a modified new 

final output equation can be obtained. In addition，the final form 

of the equation (17) was decided by validation of calibration:  

 

tanh( + )t t t t th o c m d=  (17) 

 

The hybrid model algorithm (improved LSTM model, Im- 

LSTM) is constructed based on Equations (3), (4), (6), (7), (8), 

(16), and (17). The frame of Im-LSTM was shown in Figure 2. 

In summary, the physical process related to water quality pre- 

diction including pollutants degradation and transferring pro- 

cesses etc., which have deeply studied by previous researchers 

and have not been considered in data-driven model. Referring 

to the equations and constructure of LSTM model, we con- 

structed equations expressing the physical relationships as well 

as following the the LSTM frame, such as migration gate and 

distribution gate. Then, we use degradation coefficient of pol-  
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Figure 2. Frame diagram of physical process-data driving hybrid model (Im-LSTM model). 

 

lutants as initial weight to optimize input gate, and incorporated 

migration gate and distribution gate into output gate to limit 

final output values. Finally, the data-driven training was guided 

or limited by physical relationships. 

2.3. Model Simulation and Compilation 

The simulation of Im-LSTM based on the backpropaga- 

tion algorithm, including (1) the calculation of memory units 

for each neuron in the neural network, that is, the values of the 

forget gate (ft), input gate (it), output gate (ot), migration gate 

(mt), distribution gate (dt) and other vectors; (2) the error term 

(δ) of each neuron is calculated by reverse calculation, and then 

the error is reduced by iterative calculation. The reverse calcu- 

lation method of the Im-LSTM error term continues the back- 

propagation mode of the original LSTM, that is, the error is 

calculated along the time axis of the time sequence information 

and the hierarchy of the neural network. Based on this, accord- 

ing to the corresponding error term, the gradient of each weight 

is calculated as following equations: 

 

1

, , ,

T t T T T

k j k o j oh f j f h i j ihW W W   −

== + +  

, , ,        T T T

c j ch m j mh d j d hW W W  + + +  (18) 

, , ,1 ,
( T T T T

f t f x i t i x c x o t o xl c t

t

E
W W W W

net
   

−


= + + +


 

' ( 1)

, , )               ) (T T l

m t mx d t d x tW W f net  −+ +  (19) 

 

Equation (17) is the error term to be transmitted forward 

to any moment k, where δT
o,i, δ

T
f,i, δ

T
i,i, δ

T
c,i, δ

T
m,i, and δT

d,i rep-

resent the error terms of the output gate, forget gate, input gate, 

cell state, migration gate, and distribution gate at time j, respec-

tively. Woh, Wfh, Wih, Wch, Wmh, and Wdh represent the output gate, 

forget gate, input gate, cell state, migration gate, and distri-

bution gate, respectively, corresponding to the input ht-1 weight 

matrix. Equation (18) is the equation for error transfer to the 

upper layer, where X is the error function; Wix, Wfx, Wox, Wcx, 

Wmx, and Wdx represent the weight matrix of input Xt corres-

ponding to output gate, forget gate, input gate, cell state, mi- 

gration gate, and distribution gate, respectively; netl-1
t is the l –

1 layer of ∑N
ele=0 ωelexele; and f'() is the derivative of the acti- 

vation function. Equations in Table 1 determine the weight gra-

dient of each parameter. 

Java and Python languages were used to encode and real- 

ize the long-term prediction AI model of water quality, and the 

AI framework was built by the basic functional modules of 

theTensorFlow library. The LSTM module of the Keras library  
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Table 1. LSTM Algorithm Weight Gradient Equations 
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was improved according to the method in Section 2.4, adding 

the Im-LSTM module to obtain the Hybrid Model algorithm in 

K. The core module of the AI model was a five-layer neural 

network (see Table 2), of which four layers were the Im-LSTM 

layers, and the whole connectivity layer (Dense) was finally 

connected. The activation function σ adopted in the model was 

exponential linear units (ELUs), which combined the advan- 

tages of sigmoid and ReLU to mitigate the disappearance of the 

model gradient. The activation function of the fully connected 

layer adopted a linear element, which made the model output 

conform to the order of magnitude of the sectional monitoring 

value. The activation function equation of the model is as 

follows: 

 

,                 0
( )

( 1),      0x

x x
ELU x

e x


= 

− 
 (20) 

 

tanh( )
x x

x x

e e
x

e e

−

−

−
=

+
 (21) 

 

1 1 2 2( ) max( ), , ,T T T

n nw x b w xm wax t b xx bou = + + +  (22) 

 

The loss function of the model compilation adopted the 

mean square error function (MSE), and the neural network op- 

timization algorithm adopted Adam. The learning rate was set 

at 0.001, and the fuzzy factor was set at 10-8.  

2.4. Model Training and Validation 

The training and validation have three steps (see Figure 3). 

Firstly, the multiple statistical analysis was done to identify po- 

tential driving factors to help select predictive variables. Then, 

the historical data was used to training Im-LSTM model. Fi- 

nally, the predictive performance was evaluated by different al- 

gorithms. 

The dataset used in this study included hydrological, me- 

teorological and water quality data. As shown in Figure 1, hy- 

drological condition represented by daily runoff were collected 

from 4 hydrological stations in the Xiaoqing River Basin. The 

meteorological data including daily rainfall, daily evaporation 

and daily average temperature were collected from 6 meteoro- 

logical stations around the Xiaoqing River Basin. Water quality 

data included daily automatic detection data of 26 monitoring 

sections and daily automatic detection data of 390 pollution 

sources in the river basin. Water quality data collected from riv-

er sections were target dataset, others were predictive dataset. 

To maintain data consistency, we used daily data from the over- 

lapping period (2018 ~ 2020) for modeling simulations. Addi- 

tionally, data cleaning and preprocessing were performed to re- 

move null values and outliers. Then all datasets were normal- 

ized, and the normalization algorithm was min-max.  

As shown in Figure 4, the consecutive monitoring data of 

7 days setting as one sample. Then, we used random sampling 

to get 10,000 samples. The proportions of training samples and 

validation samples were 70% and 30%, respectively. The batch 

size for training data is set to 128. The stride of the sliding win- 

dow for the input flow data is set to 1. In all the experiments, 

the size of the time window is set to 4, which means that 28- 

day historical data is used as a training unit. The number of 

iterations of the model was set to 1,000 based on the combina- 

tion of computer computing ability and the stability of model 

evaluation parameter changes. The core module parameters 

were shown in Table 2.  

 

Table 2. Core Module Framework 

Network Layer Output Dimensions Activation Function 

Im-LSTM (N, 21, 490) ELU 

Im-LSTM (N, 21, 350) ELU 

Im-LSTM (N, 21 ,140) ELU 

Im-LSTM (N, 21, 42) ELU 

Dense (N, 7) Linear 

 

There are many methods that can predict water quality for 

specific and discrete sections. These range from multivariate 

regression in the traditional statistics period, to artificial neural 

network (ANN) in the data mining period, and then to RNN 

and LSTM in the deep learning period. Thus, we carry out ex- 

periments to investigate the prediction performance between 
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Figure 3. Technical flow of water quality prediction by proposed hybrid model (Im-LSTM). 

 

 

Figure 4. Sample of input and output in Im-LSTM. Note that j

ix means input of variables (j) at different time (i), j from 1 to 8 

means predict variable, such as temperature, precipitation, relative humidity, sunshine duration , potential evaporation, latitude, 

longitude, point sources discharge; 9

ix means the concentration of the target pollutants (such as COD) in calculation section at 

different monitoring time (i). 9 9

1 21, ,x x means the input monitoring concentration of target pollutants; 9 9

22 28, ,x x  means the 

prediction concentration. 
 

the proposed model (Im-LSTM) and the existing methods for 

water quality prediction including ANN, RNN, and LSTM. In 

order to ensure the accurate evaluation of the simulation ability 

of different algorithms, the basic conditions such as the same 

operating environment, coding structure, input parameters and 

the number of iterations were adopted in this study. The ANN 

algorithm adopts a framework of one input layer, three hidden 

layers and one input layer. The RNN and LSTM algorithms 

adopt a five-layer structure, and the RNN() and LSTM() coding 

packages of Keras framework are selected for the first four lay- 

ers. The final layer is still Dense() coded package, and the input 

and output parameters are consistent with the Im-LSTM model 

framework. 

The determination coefficient and mean square error were 

used to evaluate the prediction results of water quality. The spe- 

cific calculation method is as follows: 
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where R2 is the determination coefficient, MSE is the mean 

square error, N is the number of samples, yn is the actual value, 

and ŷn is the predicted value. 

3. Results and Discussions 

3.1. Spatial Relationships of Pollutants 

The Euclidean distance of water pollutants was calculated 

among different sections as shown in Figure 5. The smaller the 

Euclidean distance, the higher the correlation similarity. Figure 

5 shows the correlation between the monitoring sections of 

Xiaoqing River basin and the external monitoring sections. As 

shown in the figure, the monitoring sections in Xiaoqing River 

basin have strong correlation similarity with the water quality 

of the surrounding basins, showing typical spatial focus, espe- 

cially on the monitoring sections in the middle and lower reach-

es of the basin. For example, the square Euclidean distance of 

water quality of 14 monitored sections (Figure 5, red circle) in 

the middle reaches of Xiaoqing River Basin is less than 0.02, 

showing strong correlation similarity. Then, Moran's I was fur-

ther used to quantify and test the significance of the correlation 

degree of different water quality indicators in and out of the 

watershed. Additionally, the values of Moran's I for NH3-N and 

COD inside the Xiaoqing River Basin were 0.27 and 0.35, and 

those for NH3-N and COD in its surrounding basins were 0.2 

and 0.13, respectively. All of the above values of Moran's I 

reached the highly significant level both inside and surrounding 

the basin, indicating that the spatial correlation of water pollu-

tion factors did exist, and NH3-N and COD were the most sig-

nificant. 

3.2. Water Quality Prediction by Im-LSTM 

The prediction performance of Im-LSTM model for the 

typical pollutants (COD and NH3-N) at 26 different sections of 

water quality monitoring in the Xiaoqing River Basin was eval- 

uated and compared. Table 3 shows the evaluation results of 

the model for the simulation results of each monitoring section. 

As shown in Table 3, the mean square error of COD in each 

monitoring section simulated by the model ranged from 3.1582 

to 490.357, and the mean square error of the basin was 38.9982. 

The mean square error of NH3-N ranged from 0.0014 to 0.0937, 

and the mean square error of was basin is 0.0398. The COD 

determination coefficient of each monitoring section simulated 

by the model ranged from 0.53 to 0.93, and the mean determi- 

nation coefficient of its basin was 0.82 of these, the maximum 

COD determination coefficient appeared at Xinfengzhuang sta- 

tion and the minimum at Zhangjianqiao section (No. 7). The 

determination coefficient of NH3-N in all monitored sections 

simulated by the model ranged from 0.48 to 0.90, and the aver- 

age determination coefficient of the basin was 0.79. Among 

them, the maximum determination coefficient of NH3-N ap- 

peared at the Xinfengzhuang section and Wohushan section, 

and the minimum determination coefficient still appeared at the 

Zhangjianqiao section. In conclusion, the water quality predic- 

tion model based on the Hybrid Model had good simulation 

ability and could meet the basic needs of water quality super- 

vision in the basin. 

As shown in in Figure 6, the average value of the simula- 

tion decision coefficients of all non-mainstream monitoring 

sections is about 0.82, lower than that of all mainstream moni- 

toring sections which is about 0.85, especially for the Lijin sec- 

tion (No. 4) and Zhangjianqiao section (No. 7) with lowest de- 

cision coefficients both for COD (Lijin section: 0.57, Zhang 

jianqiao section: 0.53) and NH3-N (Lijin section: 0.52, Zhang 

jianqiao section: 0.48). This is because two monitoring sections 

located on the edge of Xiaoqing River Basin. So, there is no 

direct exchange of pollutants with other monitoring sections 

through water flow. As well as there is no obvious correlation 

with pollution sources. Thus, the simulation effect is poorest 

for two monitoring sections of pollutants. In contrast, it is ob- 

vious that the average value of the simulation decision coeffi-

cients of all main monitoring sections is higher than that of all 

tributary monitoring sections. For example, the COD simula- 

tion determination coefficient of the Xiahouqiao section (No. 

11) located on the tributary Xinghua River is lower than that of 

Tangkouqiao section (No. 24) located at the confluence of the 

Xinghua River and the Xiaoqing River, and their determination 

coefficients are 0.84 and 0.91, respectively. The highest deci- 

sion coefficients of COD and NH3-N were appeared at the Xin- 

fengzhuang section (No. 3), which also located in the main- 

stream. In addition, the NH3-N determination coefficients of 

mainstream sections from upstream to downstream at Muli-

zhuang, Xinfengzhuang, Tangkouqiao, Xizha, Fanli, Wang-

daozha and Yangkou were 0.88, 0.90, 0.81, 0.82, 0.84, 0.80, 

and 0.81, respectively, and their determination coefficients 

were all above 0.80. This is because the Xiaoqing River has 

close ties between each monitoring section, and there is contact 

with water for the sand silted tributaries monitoring section. 

However, the decision coefficients of Shukou section (No. 1, 

in Figure 7b) is much lower than other sections located in main-

stream. Because Shukou section located in upper reaches of the 

Xiaoqing River, where surrounded by intensive industry-fac-

tories. There are 21 sewage treatment plants region and 2 point-

sources within around 10 km2 region directly discharged at of 

river pollution. Besides, the connection between Shukou sec-

tion and other section were poor. Thus, the influence of these 

sources as well as poor connection cause the simulation effect 

of pollutants at Shukou section to be low. According to the 

above discussion, the Im-LSTM algorithm fully considers the 

spatial characteristics between data in the calculation process. 

So, the model is more suitable for connected sections, which is 

always appeared more complex exchange process, such as 

downstream rivers. 

3.3. Comparison with Other Methods 

As shown in Figure 8, the box plot shows the statistical 

values of the pollutant simulation results of 26 water quality 

monitoring sections in the basin of different models (ANN, 

RNN, LSTM, Im-LSTM) at training and validation stage. The
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Table 3. Results of the Model Predicted Water Quality of Monitored Sections 

No. Name of Station MSE of COD MSE of NH3-N R2 of COD R2 of NH3-N 

1 Shukou 4.3404 0.0014 0.64 0.57 

2 Mulizhuang 4.0517 0.0111 0.86 0.88 

3 Xinfengzhuang 50.3784 0.0526 0.93 0.90 

4 Lijing 3.1582 0.0058 0.57 0.52 

5 Chenqiao 23.4271 0.0573 0.87 0.88 

6 Yangkou 490.357 0.0484 0.80 0.81 

7 Zhangjianqiao 3.2186 0.0074 0.53 0.48 

8 Fanli 12.4094 0.0451 0.91 0.84 

9 Xizha 20.6733 0.0265 0.76 0.82 

10 Wohushan 48.6294 0.0573 0.91 0.90 

11 Xiahouqiao 16.4536 0.0328 0.84 0.80 

12 Zhangqigou 43.1937 0.0588 0.88 0.86 

13 Yuanjiaqiao 23.6192 0.0245 0.90 0.81 

14 Ruxiaoqinghe 26.0205 0.0232 0.92 0.81 

15 Daoxundu 23.8342 0.0308 0.82 0.85 

16 302Jin 23.0768 0.0937 0.77 0.73 

17 Ruyubeihe 31.7329 0.0659 0.82 0.78 

18 Wangdaozha 15.9493 0.0465 0.80 0.80 

19 Xishuimo 12.5783 0.0464 0.87 0.84 

20 Xinshalu 21.6856 0.0512 0.78 0.74 

21 Nanguoqiao 12.3569 0.0492 0.84 0.83 

22 Bamianhe 12.9863 0.0489 0.89 0.86 

23 Shumiao 12.0713 0.0374 0.80 0.79 

24 Zhangguanzhuang 23.5639 0.0206 0.90 0.83 

25 Dongbalu 28.3996 0.0632 0.70 0.71 

 

 

Figure 5. Correlation network of water quality based on Euclidean distance in and around Xiaoqinghe Basin. 

 

average determination coefficients in training and verification 

stages for ANN, RNN, LSTM and Im-LSTM are 0.56 and 0.52, 

0.75 and 0.74, 0.78 and 0.73, 0.81 and 0.80, respectively. As 

shown in Figure 8(b), the MSE of COD in the three stages pre- 

sents the Test > Validation, and ANN > RNN > LSTM > 

ImLSTM are presented in four algorithms. Figure 8(c) shows 

that the MSE of NH3-N simulated by Im-LSTM is significantly 

lower than that of the other three algorithms. The variation 

trend of different algorithms is same among different simula- 
tion stage. So, we're going to focus on comparing performances
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Figure 6. Distribution of water quality prediction determination coefficient (a-COD, b-NH3-N). 

 

 
Figure 7. Simulation results of NH3-N at mainstream sections from upstream to downstream. 
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Figure 8. Evaluation of prediction models at different training, validation and testing stages. 

 

of different models during the validation stage. ANN showed 

lowest decision efficient and highest error. The experimental 

results demonstrate that ANN has largest prediction error and 

lowest decision efficient both for COD and NH3-N among the 

above prediction models. Compared to other models, ANN 

belongs to the feedforward neural network model and cannot 

process the sequence information in the capture and transmis-

sion of sequence data, which has approved by other researches 

(Pang et al., 2020). Compared to ANN, RNN and LSTM 

achieves a better and similar performance where R2 have a 

roughly average 0.2, 0.22 increase, respectively. In addition, 

LSTM model has a little higher accuracy comparing with the 

RNN model. This illustrated both RNN and LSTM can well 

extract and transfer series information of water quality. How-

ever, RNN and LSTM is still unable to capture the other 

inherent features such as spatial features. As above discussed, 

with the incorporation of spatial relationship into Im-LSTM, 

the prediction of connected mainstream sections significantly 

increased, so that the total performance of all sections based on 

Im-LSTM were increased comparing to LSTM model. The im- 

provement of LSTM by Im-LSTM increases the average simu- 

lation determination coefficient by 9.5%, and the mean square 

error of COD and NH3-N decreases by 27.4 and 58.4%, respec-

tively, on average. In concluding, Im-LSTM combined the 

temporal and spatial relationship of water quality so that show-

ed best performance among all these models. 

To illustrate the generalization of the proposed model, we 

investigate the prediction performance under different scenar- 

ios. the prediction results of pollutants by the four algorithms 

for different scenarios as shown in Figure 9. Taking the NH3-

N prediction results of Tangkouqiao section as example, it can 

also be observed that the proposed model (Im-LSTM) still out- 

performs the other algorithms with both two metrics (R2 and 

MSE) for all prediction horizons, especially for sudden fluctu- 

ation scenarios. The sudden increasing loading of NH3-N in 

middle stream section (Tangkouqiao section) came from upper 

inflow as well as agricultural leaching-out, which mainly influ- 

enced by rainfall event (Maguire et al., 2019). For the sudden 

process, the prediction of ANN missed one peak at the the 12th 

day (Figurer 9). Thus, the performance metrices were worst 

with lowest R2 of 0.49 and highest MSE of 0.13. This is 

because ANN only consider the influence of current condition 

(Palani et al. 2008), such as the impact of a storm event. How-

ever, the temporal influence was not be considered, such as the 

delayed runoff peak induced by previous rainfall. Even though 

RNN and LSTM predicted the peaks of NH3-N loading, the 

range of prediction error were much higher than that of Im-

LSTM. Because Im-LSTM not only considered the temporal 

influence of current and previous time, but also considered the 

NH3-N loading of inflows from upper streams, which con-

straint the change range of NH3-H. The prediction of four mod-

els for low concentration of NH3-N were showed fluctuation, 

which could be induced by variable driven condition (Zheng et 

al., 2021), such as change of temperature, runoff volume. How-

ever, the fluctuation as well as error range of Im-LSTM were 

lowest. In summary, RNN and LSTM algorithms of the deep 

learning methods are better than ANN algorithms due to the 

consideration of temporal information, and the proposal model 

(Im-LSTM) provides best universality for water quality predic-

tion under different scenarios due to the consideration of tem-

poral and spatial information.  

3.4. Limitations and Directions  

Because most of the existing models predict the future of 

the current section based on the historical simulation of the cur- 

rent section, they ignore the spatial correlation characteristics 

formed by pollutants driven by water flow and other factors, 

that is, certain concentrations of pollutants in the upstream sec- 

tion migrate to the downstream section and form corresponding 

concentrations under certain conditions. In this paper, the spa- 

tial correlation characteristics of different pollutants were re- 

vealed and quantified by combining spatial autocorrelation in- 

dex and Euclidean distance, which were introduced into the 

LSTM model to achieve near-real-time water quality prediction 

of key sections. The prediction results of different sections 

show that if the predicted section is located in the main stream 

and is well connected with the tributaries, the prediction effect 

is better. If the section is located at the edge of the watershed
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Figure 9. Comparison of prediction performance of different algorithms at Tangkouqiao section. 

 

and has poor connection with the flow and material of other 

sections, the prediction effect is also poor. Because the Im- 

LSTM algorithm takes into account the spatial correlation char- 

acteristics of pollutants caused by water flow connection in the 

calculation process, that is, the water quality of the middle and 

lower reaches of the watershed is highly affected by the water 

quality of the upstream section, the identification and quantifi- 

cation of the driving factors of the water quality change of the 

upstream section are still insufficient. Thus, the model is more 

suitable for downstream and connective sections. For the later 

model improvement, different copula functions can be set for 

different sections or regions to carry out constraints. 

Additionally, in order to support the intelligent early warn- 

ing management of water environment, the prediction model 

not only needs to improve the accuracy of the prediction results, 

but also needs to improve the interpretability of the change pro- 

cess, which can not be accomplished independently by a single 

artificial intelligence model or mechanism model. In this study, 

the method and effect of the coupling between the mechanism 

experience and the intelligent algorithm were explored. The re- 

sults show that the coupling between the mechanism experi- 

ence relationship and the deep learning algorithm can not only 

improve the accuracy of water quality prediction, but also im- 

prove the interpretability of the prediction error sources in dif- 

ferent sections. However, because the expression of mecha- 

nism process is inconsistent with the expression of underlying 

architecture and process logic of deep learning algorithm, the 

current coupling sum is limited to the transmission of data 

streams of the two, and the underlying logic expression mode 

integrating mechanism and data has not been truly developed 

to realize the tight coupling of mechanism data. Thus, it is 

needed to develop better incorporation mechanisms between 

physical mechanism and data analysis. 

4. Conclusions 

Water quality prediction at basin scale has become an ur- 

gent demand owing to the increase in water pollution, but the 

prediction is difficult to achieve because of the complex chang- 

ing processes under variable boundaries. Currently, mechanism 

models are primarily used for water quality prediction. How- 

ever, the future boundary conditions of this model can only be 

set by history or manual setting, so it cannot automatically pre- 

dict the future watershed water quality. With the development 

of big data, artificial intelligence technology, especially Long 

short-term memory network (LSTM), has remedied the defi- 

ciency of mechanism models and has been widely used on wa- 

ter quality prediction. However, its reliability depends only on 

a large dataset, which is suitable for and discrete sections with 

enough data and difficult to extend to regions with limited 

monitoring data owing to without considering physical pro-

cesses in space and time at basin scale.  

In this study, the spatial correlation feature extraction 

mechanism and pollutant degradation parameters of discrete 

section water quality are introduced into the LSTM algorithm 

equation, and the Hybrid Model (Im-LSTM) is proposed. The 

main improvement is following: on the basis of ensuring the 

original characteristics of LSTM algorithm, IM-LSTM algo- 

rithm constructs a state unit at the front end of LSTM that can 

obtain the spatial correlation of water quality at different mon- 

itoring sections, namely Migration Gate and Distribution Gate. 

The ability to capture the spatial characteristics of water quality 

between different monitoring sections is enhanced. Then, the 

prediction performance was evaluated at different monitoring 

sections at Xiaoqing River basin. The result showed that the 

average performance coefficients of mainstream monitoring 

sections were better than that of non-mainstream. Because the 

connection and exchange of water flow were more significant 

among mainstream sections, which have been well expressed 

by Im-LSTM model. Finally, the comparison between the Im- 

LSTM and the traditional data mining algorithm (ANN, RNN 

and LSTM) was carried out to demonstrate the outperformance 

of the Water quality prediction, especially for the prediction of 

sudden water pollution events. And, Im-LSTM improved the 

simulation determination coefficient by 9.5%, and the mean 

square error of COD decreased by 27.4% and NH3-N by 58.4% 

on average. 
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