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A watershed water quality prediction model based on 1 

attention mechanism and Bi-LSTM 2 

Qiang Zhang1 · Ruiqi Wang1 · Ying Qi1, * · Fei Wen2 3 

Abstract: Accurate prediction of water quality is conducive to intelligent management and control of 4 

watershed ecology. Water quality data has time series characteristics, and although methods such as 5 

LSTM can capture sequence correlations in time series data, these methods do not consider the impact 6 

of bidirectional neighborhoods on the model, and they are not able to pay attention to the feature 7 

sequences to varying degrees. Aiming at this problem, this paper proposes a watershed water quality 8 

prediction model based on attention mechanism and bidirectional LSTM neural network (AT-BILSTM). 9 

The model mainly contains the Bi-LSTM layer and the temporal attention layer, and the attention 10 

mechanism is introduced after the bidirectional feature extraction of the water quality time series data 11 

to highlight the data series that have a key impact on the prediction results, and effectively use the 12 

sequence correlation of the watershed water quality data to improve the accuracy of the model. Finally, 13 

the actual datasets of four monitoring sites in the Lanzhou section of the Yellow River Basin in China 14 

were used to verify the effectiveness of the method. After comparing the reference model, the results 15 

show that the proposed model combines the bidirectional nonlinear mapping ability of Bi-LSTM and 16 

the feature-weighted characteristics of the attention mechanism. Taking FuHe Bridge as an example, 17 

compared with the original LSTM model, the RMSE and MAE of the model are reduced to 0.101 and 18 

0.059, respectively, and the R2 is increased to 0.970, which has the best prediction performance in four 19 

sections, which can provide decision-making basis for comprehensive water quality management and 20 

pollutant control in the river basin. 21 

Keywords: Bi-LSTM · Neural networks · Attention mechanism · The time series · Water quality 22 

prediction · Hybrid model 23 

Introduction 24 

Water is the material basis for the survival, growth and development of human beings and other 25 

organisms. At present, with the rapid development of industrialization and urbanization, the load of 26 

local water resources is increased. Water quality in many watersheds around the world has appeared 27 

eutrophication, phosphorus manganese exceeding the standard and other issues (González et al. 2008). 28 

It affects the survival of plants and animals, poses a threat to ecosystems, and has many adverse effects 29 

on social life along the basin. Therefore, the conservation of resources and pollution control in river 30 

basins has become a hot and important topic around the world (Evans et al. 2012). 31 

Water quality safety is the focus of water pollution control in river basins and the key to the 32 

efficient and rational use of water resources. In the past, water quality measurements were measured 33 

from a biochemical point of view, although the accuracy is high, but the detection cycle is long, for 34 

some sudden water pollution cannot be dealt with in a timely manner (Jouanneau et al. 2014). 35 

Therefore, it is necessary to make irrational water quality parameter prediction based on to help water 36 

environment managers grasp the water quality situation and its changing trends in time, provide early 37 

warning for the ecological health of the basin, and carry out targeted prevention and control 38 
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management of pollution point sources along the basin. 39 

In recent years, with the establishment of a large number of water quality monitoring sites, more 40 

and more data-driven water environment quality prediction models and methods have been proposed. 41 

Compared to physical models, data-driven approaches build predictive models by analyzing historical 42 

data based on time series data on water quality and correlations between individual factors. Scholars 43 

have proposed many efficient algorithms and models for data-driven. 44 

In this paper, the key parameters of water quality evaluation Dissolved Oxygen (DO) (Zhu et al. 45 

2010) are selected as an example for model construction and testing. In a water environment, an 46 

appropriate amount of dissolved oxygen can ensure the growth of aquatic plants and animals. At 47 

present, there are many traditional water quality prediction methods, such as Multiple Linear 48 

Regression (MLR) (Gholizadeh et al. 2016), Autoregressive Integrated Moving Average (ARIMA) 49 

(Faruk 2010) and so on. However, due to the linear inherent characteristics of MLR, it is not possible to 50 

detect nonlinear relationships between water quality parameters. Jaynes presents the classic differential 51 

ARIMA, which uses the ARIMA to predict the time series (Jaynes 1982). The main disadvantage of 52 

ARIMA is the preconceived linear model, and during the model recognition phase, time series data 53 

must be checked to see if they are stable. Kisi et al. studied the potassium permanganate index of the 54 

Yamuna River in India using LSSVR and ARIMA, and the improved model improved the prediction 55 

accuracy of SVM in most cases (Kisi &Parmar 2016). However, traditional statistical methods often 56 

fail to obtain many potential characteristic relationships. In fact, due to the complexity of water quality 57 

data, traditional methods cannot capture the nonlinearity and randomness of water quality sequence 58 

data well (Liu et al. 2013). 59 

In addition to traditional statistics and machine learning methods, more and more studies have 60 

combined traditional water quality prediction algorithms with neural networks in recent years to solve 61 

the nonlinear problem of water quality time series prediction. Noori et al. have proposed a hybrid 62 

model by combining SWAT and ANN to optimize the water quality prediction model by using a 63 

complex process of water quality change (Noori et al. 2020). Wang et al. proposed a new 64 

ARIMA-ANN based model that combines Artificial Neural Network (ANN) with linear methods to 65 

obtain higher prediction accuracy (Wang et al. 2013). However, these hybrid models still do not fully 66 

consider the correlation in the time series of water quality data, and still affect the accuracy of 67 

prediction. 68 

The water quality data is time series data, and the water quality parameters of the watershed have 69 

the characteristics of sequence correlation (Hirsch et al. 1982). Specifically, there may be events in the 70 

sequence that have a long interval or delay but have a large impact on the value of the next moment. 71 

Traditional neural networks have difficulty obtaining critical information on such time series. 72 

Recursive Neural Networks (RNNs) is a deep learning method that stacks multiple layers of neural 73 

networks and relies on random optimizations to perform machine learning tasks (Cho et al. 2014). 74 

RNNs can take into account the time correlation on time series data. Theoretically, it can use historical 75 

information of any length and model time series more completely. However, RNNs have gradient 76 

disappearance and gradient explosion problems in training, and they are not capable of sequence 77 

correlation. The Long Short-Term Memory Network (LSTM) (Hochreiter &Schmidhuber 1997) is an 78 

improvement on the RNN, which overcomes the gradient disappearance and gradient explosion of the 79 

RNN (Pulver &Lyu 2017). LSTM adds three door structures compared to RNNs with only one hidden 80 

state. LSTM can capture long-term dependencies from a time series, and LSTM has been successfully 81 

applied in the field of water quality prediction(Hu et al. 2019). Feng et al. use LSTM for short-term 82 
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runoff forecasting and further improve the accuracy of prediction by changing the internal structure of 83 

LSTM (Feng et al. 2020). Ye et al. used LSTM model to analyze the river water quality monitoring 84 

data in Shanghai, which proved the model's ability to extract information from long-span water quality 85 

data series (Ye et al. 2019). 86 

However, on the one hand, when the current standard LSTM and other methods predict water 87 

quality time series, only the water quality sequence is treated forward, and the improvement of the 88 

prediction result by reverse sequence selection is not considered, which will inevitably reduce the 89 

accuracy of the prediction. Bidirectional LSTM (Bi-LSTM) can consider both the positive and negative 90 

neighborhoods of time series data, and effectively capture the sequence correlation of water quality 91 

data series by performing bidirectional nonlinear mapping of the sequence to obtain more accurate 92 

prediction results (Sun et al. 2018). Bi-LSTM is also widely used in the prediction of time series data, 93 

Shahid et al. used Bi-LSTMs to predict confirmed cases, deaths, and recoveries in 10 major countries 94 

affected by COVID-19 (Shahid et al. 2020). The results show that, in most cases, the Bi-LSTM model 95 

performs better than other baseline models in terms of approval index. Le et al. proposed a power 96 

consumption prediction model that combines convolutional neural networks and Bi-LSTM, and the 97 

Bi-LSTM module with two Bi-LSTM layers uses the trend of time series in both positive and negative 98 

directions to predict (Le et al. 2019). Zhang et al. proposed a deep learning model based on 99 

autoencoders and Bi-LSTM to predict PM2.5 concentrations, revealing the correlation between PM2.5 100 

and multiple climate variables(Zhang et al. 2020). 101 

On the other hand, LSTM's ability to pay attention to sub window features to varying degrees is 102 

insufficient, and using LSTM for prediction will lead to some important features being forgotten and 103 

the sequence correlation features of water quality time series data cannot be effectively utilized. In 104 

recent years, neural networks based on attention mechanisms (Ma et al. 2017) have been well used in 105 

the field of natural language processing (Hu 2019), such as machine translation (Tang et al. 2018), 106 

syntactic analysis (Brown et al. 2018) and speech recognition (Chorowski et al. 2015). This mechanism 107 

effectively highlights the impact of the key feature prediction model by assigning different weights to 108 

hidden layer elements of the neural network. Attention mechanisms have also been successfully 109 

applied to some time series forecasting studies, Li et al. extract valuable information from 110 

low-correlation factors through attention mechanisms and make stock price predictions through LSTM 111 

(Li et al. 2018). Liu et al. proposed an Air pollution forecasting based on attention - based LSTM 112 

neural network and ensemble learning that combines weather forecast information with atmospheric 113 

pollution drift characteristics for PM2.5 prediction (Liu et al. 2020). Lin et al. proposed an LSTM 114 

model for vehicle trajectory prediction with a spatiotemporal attention mechanism (Lin et al. 2021). 115 

Based on different vehicle and environmental factors such as target vehicle category, target vehicle 116 

location and traffic density, the spatiotemporal attention weights learned in different highway scenarios 117 

are deeply analyzed. 118 

On this basis, in order to better capture the time series characteristics of water quality data series 119 

and solve the problem that the LSTM model cannot highlight some key features, we constructed an 120 

AT-BILSTM model that can extract key features of water quality time series in watersheds. It aims to 121 

achieve the time correlation characteristics implied by the multivariate time series data of 122 

comprehensive adaptive learning to improve the accuracy of predicting water quality in watersheds. 123 

The contributions of this article include the following aspects: 124 

1) Bi-LSTM is applied to water quality prediction tasks. Bi-LSTM can process data in different 125 

directions simultaneously through two interconnected hidden layers, while taking into account the 126 
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information of the two neighborhoods on the time series, and performs a bidirectional nonlinear 127 

mapping of the input sequence. 128 

2) The time attention mechanism is introduced in the model. Which can assign different attention 129 

weights to each hidden unit in the sequence, highlight the sequences that have an impact on the 130 

prediction moment, thereby improving the prediction ability of the model on the water quality 131 

time series data. 132 

3) The model is tested with four actual site data sets in Lanzhou section of the Yellow River Basin of 133 

China, and the validity of the model is verified. Experimental results show that the proposed 134 

model combines the feature-weighted characteristics of the dual LSTM attention mechanism and 135 

the bidirectional nonlinear mapping capability, and has the best prediction performance at four 136 

stations compared with the baseline method, which can provide decision-making basis for 137 

comprehensive water quality management and pollutant control in the watershed. 138 

The rest of this article is organized as follows: Section Ⅱ provides an overview of the work and 139 

problems associated with the forecasting of the existing water quality time series. Section Ⅲ expounds 140 

the water quality prediction model proposed in this paper, and describes the key modules of the model. 141 

Section Ⅳ is the introduction of data sets, pre-processing and evaluation indicators. Section Ⅴ 142 

describes the experimental content and the result analysis, based on the four actual site data sets in 143 

Lanzhou section of the Yellow River basin of China, and analyzes the results in detail. Finally, the 144 

conclusion of the study and the prospect of the future are given. 145 

AT-BILSTM model based on AM and Bi-LSTM 146 

The proposed AT-BILSTM model 147 

Due to the complexity of the formation of water pollutants and the nonlinear characteristics of 148 

concentration changes, it is difficult to achieve high accuracy requirements for water quality sequence 149 

prediction. Deep learning techniques can solve these problems by automatically training deep neural 150 

networks to better acquire the characteristics of water quality sequences. When an RNN is used to 151 

process time series, some of the neuron's outputs can be passed to the neuron again as inputs, so it can 152 

make efficient use of previous information. However, the memory and storage capacity of RNNs are 153 

limited, and it is easy to produce gradient explosions and gradient disappearance problems. As a deep 154 

neural network on time series, LSTM can effectively capture the dependencies of the input time series 155 

data to a certain extent, and prevent gradient disappearance and gradient explosion problems. However, 156 

the LSTM model has the problem of long-term dependence and cannot effectively capture the time 157 

correlation on each time step and the most important features in each time step. 158 

Traditional LSTM models process time series sequentially without adequately considering 159 

forward and reverse data on time series. In order to obtain stronger feature extraction capabilities, 160 

Bi-LSTM is proposed to predict water quality sequences by making full use of the information of the 161 

two neighborhoods before and after. Bi-LSTM is able to simultaneously process sequence information 162 

in the anterior and posterior directions, and then feed the information back to the current output layer, 163 

deriving correlation from the information of the two neighborhoods before and after, thereby enhancing 164 

prediction capabilities. In addition, considering that the hidden state of LSTM is usually represented by 165 

a vector of a certain length, over time, all information will be gradually compressed, and this 166 

unselected compression will weaken the time difference between input features to a certain extent, 167 

resulting in some important information not be highlighted, affecting the prediction accuracy. Attention 168 
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mechanism is introduced because historical information from water quality sequence data contributes 169 

differently to the prediction point at different times. The Attention mechanism is a brain signal 170 

processing mechanism that simulates the human vision, borrowing from the human brain to obtain the 171 

focus or target area that wants to be focused on by quickly scanning information, and investing more 172 

attention in the focus of attention, ignoring some other useless information, which can solve the 173 

problem of insufficient attention in the time series of the model. Therefore, a hybrid model combining 174 

Attention and Bi-LSTM can be applied to water quality sequence prediction to effectively capture the 175 

time correlation on each time step and the important features in each time step, thereby improving the 176 

model prediction accuracy. 177 

We propose an improved AT-BILSTM water quality prediction model to predict future water 178 

quality sequences in watersheds. The main idea of the model is to change the LSTM network to 179 

Bi-LSTM and introduce Attention mechanisms, which allows the model to process data on the 180 

sequence in both directions and weight it, effectively solving the problem of sequence correlation of 181 

the model. Models such as Fig. 1, there are mainly two parts, namely: Bi-LSTM layer and Temporal 182 

attention layer. The basic principles and implementation details of the function module Bi-LSTM layer 183 

and the Temporal attention layer will be described in detail below. 184 
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 185 

Fig. 1 The framework of proposed AT-BILSTM model. 186 

Bi-LSTM layer 187 

This module performs bidirectional nonlinear feature extraction on water quality sequence data to 188 

provide a basis for attention weight allocation in the next step. The complete Bi-LSTM module has the 189 

same output to connect two LSTM networks with opposite timings to obtain bidirectional data 190 

information for the input sequences. The module contains a large number of LSTM cells, a single 191 

LSTM unit is shown in Fig. 2(a). 192 

In Fig. 2(a), 𝐶 is the cellular state of the LSTM memory and ℎ is the hidden layer state of the 193 

node. Each memory contains one or more cells and three gates, LSTM stores cell state information 194 

through memory cells, the gate structure is responsible for the protection and control of information, 195 

and the three gates include forgotten gate, input gate and output gate. 196 

The forgotten gate determines what information we discard from the cell state. 𝑓𝑡 determines the 197 

degree of passage of cell state 𝐶𝑡−1 at the last moment: 198 

 1( [ , ] )   
t f t t f

f W h x b   (1) 199 

Where 𝐶𝑡−1 is the output of the 𝑡 − 1 moment cell, ℎ𝑡−1 is the state of the hidden layer at 𝑡 − 1 200 
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moments, 𝜎 is the 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 activation function, 𝑊𝑓 is the input loop weight, 𝑥𝑡 is the input value 201 

of the current moment node, and 𝑏𝑓 is the bias item. The door reads ℎ𝑡−1 and 𝑥𝑡, outputs a value of 202 𝑓𝑡 between 0 and 1 to determine the information to forget, 1 for "full retention" and 0 for "complete 203 

abandonment". 204 

The input gate determines what information is added to the memory cells. The combination of 205 

"forgotten door" and "input door" enables cell status 𝐶𝑡 updates. 𝑖𝑡 determines what information 206 

needs to be updated, and 𝐶𝑡′ represents what is used to update: 207 

 1( [ , ] )   t f t t fi W h x b  (2) 208 

 1tanh( [ , ] )   t c t t cC W h x b  (3) 209 

 1    t t t t tC f C i C  (4) 210 

Where 𝑏𝑓, 𝑏𝑐 are biased, 𝑊𝑓 and 𝑊𝑐 is the input weight. 211 

The output gate controls the output of the cell state value, and after processing the cell state with 212 

the 𝑡𝑎𝑛ℎ activation function, the output information is multiplied by the memory unit state value. 𝑜𝑡 213 

is the output value; ℎ𝑡 is the 𝑡 moment hidden layer status value: 214 

 1( [ , ] )   t o t t oo W h x b  (5) 215 

 tanh( ) t t th o C  (6) 216 

Where 𝑊𝑜 is the input weight, and 𝑏𝑜 is the biases. 217 

These gates of LSTM effectively capture long-term and short-term dependencies on input time 218 

series data and prevent gradient disappearance and gradient explosion problems. The key to LSTM's 219 

long-term memory is that all information before each cell can be forgotten, updated and stored in a 220 

hidden layer and exported to the next cell. The Bi-LSTM module has two LSTM networks with 221 

opposite timings that process sequence information in the front and rear directions and then feed the 222 

information back to the current output layer. Bi-LSTM's hidden state in time 𝑡 includes forward and 223 

reverse, as shown below: 224 

 1 1( , , ), [1, ]t t t th LSTM h x c t T  
ur uuuuuur

 (7) 225 

 1 1( , , ), [ ,1]t t t th LSTM h x c t T  
su suuuuuu

 (8) 226 

 [ , ]t t tH h h
ur su

 (9) 227 

A Bi-LSTM unit such as Fig. 2(b) shown. 228 
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Fig. 2 (a) Structure of LSTM. (b) Bi-LSTM single layer structure. 230 

The unfolding structure of the Bi-LSTM layer such as Fig. 3 shown. 231 
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 232 

Fig. 3 Unfolded Bi-LSTM network. 233 

Because the hidden state of the LSTM unit is usually represented by a vector of a certain length, 234 

the information contained in the water quality data is gradually forgotten over time. This kind of 235 

indiscriminate forgetting will weaken the time difference between the input features to a certain extent, 236 

resulting in some important information that cannot be highlighted, affecting the accuracy of the 237 

prediction. Therefore, the attention layer is set up, and the data processed by the implicit layer is output 238 

to the time attention layer for weight calculation to make appropriate improvements to the recognition 239 

ability of Bi-LSTM. 240 

Temporal Attention layer 241 

Attention mechanisms originate from simulations of the attention characteristics of the human brain. 242 

The attention mechanism filters useful information by assigning a higher weight to the important 243 

information in the input sequence features, thereby reasonably changing the attention of the outside 244 

world to the information and finding more important influencing factors to improve the accuracy of 245 

data processing. 246 

The model sets up an attention layer to assign the feature weights learned by the model to the 247 

output vectors learned by the implicit layer, highlighting the impact of key features on water quality 248 

prediction. The nature of attention mechanisms such as Fig. 4(a) shows that we can conceive the data in 249 

the input data source into a series of < 𝑘𝑒𝑦, 𝑣𝑎𝑙𝑢𝑒 > key pair composition, at this time a given target 250 

element Query, by calculating the similarity or correlation between Query and each key, to get each 251 

key corresponding to the weight coefficient of value, and then weighted value to get the final Attention 252 

value. The attention mechanism is a weighted sum of the values of the value of the elements in the 253 
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source, and Query and Key are used to calculate the weight coefficients for the corresponding value. 254 

The calculation is shown below. 255 

 
1

( , )


  xL

i ii
Att Similarity Query Key Value  (10) 256 

Fig. 4(b) is the three stages of attention calculation, where 𝐹(𝑄, 𝐾) is the attention value 257 

association function, 𝑠𝑖 and 𝑎𝑖(i = 1,2, … , n) are the correlation degree and attention weight of the 258 

ith element of the input dataset. Fig. 4(c) shows the basic attention model structure. 259 

 The traditional neural network water quality prediction model ignores that the contribution of 260 

each input feature to load prediction is different. From Fig. 4(c) It can be seen that by introducing the 261 

Attention mechanism in the neural network, the attention weight of input feature 𝑋𝑖 can be calculated 262 

and the corresponding input features can be weighted, and the weighted features replace the original 263 

input with the input of neural networks. The implementation of the Attention mechanism can be 264 

expressed as: 265 
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Fig. 4 Attention mechanism. (a) The core idea of attention mechanism. (b) Three stages of attention value 267 

calculation. (c) Structure of attention model. 268 

 tanh( )  ki k iS v Wh Uh b  (11) 269 

 
exp( )

exp( )



 x

ki
ki T

kjj i

S
a

S
 (12) 270 

 
1

 xT

ki ii
C a h  (13) 271 

The characteristic vector value of the final output is expressed as: 272 

 ( , , ) k k kh H C h x  (14) 273 

Where ℎ1, ℎ2,⋅⋅⋅, ℎ𝑘  is the hidden layer state corresponding to the input sequence 𝑥𝑘 , 𝛼𝑘𝑖  is the 274 

attention weight assigned to the current input by the hidden layer state feature ℎ𝑘 and ℎ𝑘′  is the 275 

feature vector value of the final output. 276 

This layer adds an attention mechanism to enable the model to learn to pay different attention to 277 
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the input characteristics of the time series data, and effectively utilize the sequence correlation of the 278 

water quality time series data. 279 

The training process for the model 280 

In this study, the water quality data was divided into training sets, validation sets, and test sets. The 281 

predictive model is first trained with training and validation sets, and then the predictive model is 282 

evaluated using the test set. The key steps in the training process are described below: 283 

Step1. Input: The correlation analysis of the predicted water environmental quality pollutants is 284 

performed, and the characteristics with the strongest correlation with the pollutants to be predicted 285 

are selected for input to improve the model accuracy. 286 

Step2. Feature learning: The input vector enters the Bi-LSTM hidden layer from the input layer, 287 

which also includes the transfer of the same layer LSTM hidden state, mapping 𝑥𝑡 to ℎ𝑡 in the 288 

LSTM hidden layer, where 𝑓 is the nonlinear activation function LSTM, and the conversion 289 

formula is as follows: 290 

 1( , )t t th f h x  (15) 291 

Step3. Add attention weight: The attention mechanism is designed to calculate the weight of the 292 

result at different moments according to the hidden state ℎ𝑡−1 and cell state 𝐶𝑡−1 obtained in the 293 

Bi-LSTM hidden layer, and the calculation of the weight is seen (7), the formula (8), and the 294 

resulting 𝛽𝑡𝑘 is an attention weight, which contains the attention weight of 𝑘 feature sequence. 295 

Step4. Output: With the design of a full connection layer, we can get the prediction model output 296 

of 𝑡 moment. the weighted input feature sequence is followed by 𝑧𝑡. the final output of the 297 

model is obtained. The conversion formula is as follows: 298 

 
1 1 2 2( , ,..., )   n n

t t t t t t t
z x x x  (16) 299 

The corresponding algorithm for the training process of the AT-BILSTM model described above 300 

in Algorithm 1: 301 

Algorithm 1. Training process of AT-BILSTM 

Input: Water quality sequences: {𝑥1, 𝑥2, … , 𝑥𝑇} 
Output: Predicted sequences: {�̂�1, �̂�2, … , �̂�𝜏} 

1: Initialize window size(m), learning rate(lr), number of input steps(T) 

2: for  =1 to T do 

3:   Obtain the time series x  with (1); 

4: end for 

5: for each epoch do 

6:   for each batch do 

7:     Bidirectional LSTM model forward pass; 

8:     Bidirectional LSTM model backward pass; 

9:     Generate
t

h and
t

C via Bi-LSTM model in (7)-(8) with the input 
t

x and
1t

h  ; 

10:   end for 
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11:   for t =1 to T do 

12:     Get 
t

h  form (5)-(11); 

13:     
t

 = Attention Mechanism (
t

h ); 

14:   end for 

15: end for 

16: Generate 
)

ty  via fully connected with the input 
t

 ; 

Data set description and pre-processing 302 

In order to prove the effectiveness of the proposed AT-BILSTM model in watershed water quality 303 

prediction. In this section, the water quality sequence data of FuHe Bridge, XinCheng Bridge, 304 

ShenChuan Bridge and QingCheng Bridge in the Lanzhou section of the Yellow River Basin of China 305 

will be used for data preprocessing and data set construction. The four sections cover the entire section 306 

of the Lanzhou section of the Yellow River Basin from west to east, and receive a large number of 307 

farmlands, animal husbandry, rural and urban production and domestic pollution, and wastewater along 308 

the line, and their water quality characteristics can effectively represent the quality of the water 309 

environment in each section.  310 

The water quality characteristics of the section include five characteristics of the section from 311 

June 2018 to December 2019, including hourly water Temperature (T), pH, Dissolved Oxygen (DO), 312 

Electrical Conductance (EC) and Turbidity (NTU) data, with 39,026 characteristics. The geographical 313 

location of the research area can be found in Fig. 5. 314 

XinCheng Bridge

FuHe Bridge

ShenChuan Bridge

QingCheng Bridge

 315 

Fig. 5 Layout of water quality monitoring stations in Lanzhou City. 316 

Data pre-processing 317 

The experimental data is directly derived from the measured data collected by the field sensors in the 318 

four sections of the Lanzhou section of the Yellow River Basin, so it will be affected by the 319 

measurement environmental factors and measuring instruments, resulting in the existence of some 320 

vacant data and abnormal data. In order to ensure the scientific nature of the experiment and the 321 

accuracy of the model, it is necessary to preprocess the original data and then use the processed data for 322 

experimental simulation. 323 
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Missing value processing: To ensure the continuity of the data set, enhance the reliability of the 324 

model output. Using the 𝐾 nearest neighbor method, the closest 𝐾 samples to the missing data 325 

sample are determined based on Euclidean distance, and the weighted average of the 𝐾 sample values 326 

is used to calculate the missing sample data. 327 

Outlier detection: In order to reduce the model prediction error and enhance the prediction 328 

accuracy, for the abnormal water quality data, the outlier value is detected by the isolated forest 329 

algorithm, the location of the abnormal score of each test data is calculated according to the formula of 330 

abnormal score calculation, and the outlier is replaced by the 𝐾 nearest neighbor method. 331 

Data standardization: In order to eliminate the effect of unit and scale differences between input 332 

features and improve convergence speed and accuracy, Max-Min is used to normalize the original 333 

water quality feature data so that the data can be mapped to the interval of [0,1], the calculation 334 

formula is as follows: 335 

 min

max min




s

x x
x

x x
 (17) 336 

Where 𝑥𝑠 is the data value after normalization, 𝑥 is the original data value, 𝑥𝑚𝑎𝑥  and 𝑥𝑚𝑖𝑛 are the 337 

maximum and minimum values in the original feature data. 338 

Evaluation indicators 339 

In order to prove the prediction performance of the AT-BILSTM model proposed in this paper, the 340 

mean square root error (RMSE), the average absolute error (MAE) and the decision coefficient (𝑅2) are 341 

selected as the evaluation index. Where RMSE and MAE can measure the error between the model 342 

prediction value and the real value, the smaller the value, the more accurate the result; 𝑅2 indicates 343 

the fit optimization, reflects the correlation between the two random variables, the closer 1 indicates the 344 

better fit capacity, as follows: 345 
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Where 𝑦𝑖  represents the predicted value, 𝑞𝑖 represents the actual value, 𝑛 is the test sample number, 349 

and �̅� is the average of the actual sequence. 350 

Experiments 351 

In this experiment, the water quality data of Lanzhou section of the Yellow River Basin were selected 352 

as experimental data, and the data contained five characteristics of hourly water Temperature, pH, 353 

Dissolved Oxygen, Electrical Conductance and Turbidity of four of these sections from December 2017 354 

to December 2019, with a data volume of 39026 groups. In this section, empirical studies of water 355 

quality data from four sections will be conducted to demonstrate the feasibility and accuracy of the 356 

constructed water quality prediction model. Two experiments were conducted, first, the correlation 357 

detection between features was carried out by Pearson correlation analysis, the influence of different 358 
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features on the model was tried, and the feature selection of the final model was determined. Then, the 359 

advantages and disadvantages of the AT-BILSTM model on each section are compared with other 360 

reference models to prove the advanced nature of the model.  361 

Experimental environment 362 

In this paper, the deep learning framework TensorFlow is used to build an experimental environment 363 

with the following environmental parameters: CPU, Intel i7-6700 3.4GHz; GPU, Nvidia GTX 1060; 364 

8G PC memory; Win10 64-bit Operating System; python 3.6. 365 

The effect of input characteristics on the model 366 

Datasets contain more data features, and different features affect the predicted value of dissolved 367 

oxygen to varying degrees. To demonstrate the impact of input features on the water quality prediction 368 

model, feature extraction and identification is performed to select the most relevant information that 369 

can help with accurate predictions of the model. At this stage, we use Pearson correlation analysis to 370 

determine the extent to which features affect each other. The heat map after the calculation is such as 371 

Fig. 6 shown. The Pearson correlation coefficient refers to the measure of linear correlation between 372 

two random variables and is used to reflect the linear correlation between two continuous variables, as 373 

follows: 374 
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 (21) 375 

Where 𝑟𝑥𝑦  is valued from -1 to 1, where 1 indicates positive correlation, -1 indicates negative 376 

correlation, and 0 indicates irrelevance. 377 

NTU

EC

pH

T

DO

 378 

Fig. 6 Pearson correlation test results. 379 

From the above correlation analysis, we can get the correlation with dissolved oxygen (DO) to be 380 

predicted from high to low in order of Temperature (T), pH, Electrical Conductance (EC) and Turbidity 381 

(NTU). The correlation of turbidity is low, and it is discarded in feature selection. The correlation is 382 

then added from high to low as the model input. Model 1 uses only hourly dissolved oxygen 383 

information for input, model 2, model 3 and model 4 add Temperature, pH and Electrical Conductance 384 

characteristics as models on the basis of the previous model. Experiments compared the effect of 385 

dissolved oxygen prediction with different characteristics. Due to the different input characteristics of 386 

these four models, we did not add attention mechanism and Bi-LSTM to these four models, and used 387 

LSTM neural networks to test these four models uniformly. The experimental results are shown in 388 

Table 1.  389 



13 

 

Table 1 Pearson experimental results. 390 

Evaluation standard MAE RMSE 

Model1 0.441 0.817 

Model2 0.395 0.554 

Model3 0.419 0.632 

Model4 0.332 0.374 

As can be seen from the table above, model 4 introduces three factors, Temperature, pH, Electrical 391 

Conductance, there is a certain improvement, the effect is best, so we decided to use these four 392 

characteristics as the input characteristics of AT-BILSTM. 393 

Baseline model 394 

We compare the proposed AT-BILSTM with the following models, each of which looks like this: 395 

 RNN: A type of recurrent neural network for processing sequence data that establishes a weighted 396 

connection between neurons between layers, and the model includes an input layer, a hidden layer, 397 

and an output layer. 398 

 GRU: Is a typical variant of RNN that includes an update gate and a reset gate. 399 

 LSTM: Long short-term memory network, a typical variant of RNN, consists of three gates: the 400 

forgetting gate, the input gate, and the output gate. 401 

 Bi-LSTM: Bidirectional LSTM, which combines forward LSTM and backward LSTM for 402 

prediction. 403 

 AT-LSTM: The model adds a time attention module to the original LSTM model, and the main 404 

structure and parameters of the model are the same as those of the LSTM model. 405 

Experimental parameter settings 406 

For all datasets, 80% of the data is used for training and the remaining 20% is used for testing. Before 407 

performing the final experimental evaluation, we pre-train the model to calibrate some important 408 

hyperparameters. We assume that the Learning Rate, Epoch, and Hidden Dimension form the core 409 

hyperparameter space of the model. Get a robust solution by searching for hyperparameter space. 410 

Fig. 7(a)-(c) shows the relationship between model performance, Learning Rate, Epoch, and 411 

Hidden Dimension. Based on the experimental results, we trained all models with 60 epochs using the 412 

Adam optimizer to guarantee convergence and efficiency. Adam weight decay is set to 1𝑒 − 4 and 413 

random seed is fixed to 7. The initial learning rate is 5𝑒 − 2 and the attenuation rate is 0.7. Hidden 414 

layer neurons are set to 64. This article also uses Dropout technology to prevent overfitting and 415 

improve the performance of the model. The main parameters of the model are set as follows: Learning 416 

Rate 0.05, Epoch 60, Hidden Dimension 64. 417 

Learning Rate

R
M

S
E

R
M

S
E

R
M

S
E

Hidden Dimension Epoch

(a) (b) (c)  418 

Fig. 7 Results of explore experiments. 419 
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Results and discussions 420 

In this section, we summarize a large number of experimental results to analyze the predictive 421 

performance of the baseline model and the proposed AT-BILSTM model in terms of water quality 422 

prediction, and explore the benefits of combining the time attention mechanism and Bi-LSTM, and 423 

finally visualize the change of the weight of the time attention module. 424 

Model comparison and analysis 425 

In order to verify the superiority of the AT-BILSTM model in terms of water quality prediction 426 

accuracy proposed in this paper, the RNN, GRU, LSTM, Bi-LSTM and AT-LSTM models were 427 

selected as the baseline model for comparative experiments. Compared with the AT-BILSTM model 428 

proposed in this paper, the difference between the traditional Bi-LSTM and AT-LSTM model is that the 429 

Bi-LSTM or Attention layer is adopted, and the other main structures and parameters are the same as 430 

the LSTM model. 431 

Fig. 8 Shows a comparison of baseline models and AT-BILSTM model when making predictions 432 

on the FuHe Bridge dataset. The RMSE results are displayed in the upper left of each subgraph. For all 433 

water quality prediction methods, the predicted values represented by discrete points are around a 434 

straight line representing the actual values. It can be seen that the performance of our AT-BILSTM 435 

model in water quality prediction on the FuHe Bridge dataset is better than that of baseline models such 436 

as RNN, GRU, and LSTM. Among the six water quality prediction methods, the RNN method was the 437 

least effective, with an RMSE of 0.1872. Whether it is the standard Bi-LSTM model or the LSTM 438 

model, the RMSE achieves a reduced effect after the introduction of attention mechanisms. This is 439 

because the attention layer in the model pays different attention to the input characteristics of different 440 

moments in the time series, highlighting the factors that have a greater impact on the prediction result 441 

and improving the prediction accuracy. The same application of the Bi-LSTM layer to the traditional 442 

model of AT-LSTM and LSTM has also improved RMSE. This is because Bi-LSTM is able to perform 443 

bidirectional learning of water quality time series data during model pre-training, greatly increasing the 444 

overall learning of the data. The model proposed in this paper introduces both Bi-LSTM and attention 445 

mechanisms into the standard LSTM model. Compared with the standard LSTM model, the water 446 

quality prediction model proposed in this paper has a 22.2% reduction in RMSE on the FuHe Bridge 447 

dataset, which is the minimum of the six models. 448 
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Fig. 8 Comparisons of predicted DO value with actual DO value. 450 
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Table 2  451 

Performance comparison of water quality prediction models at four stations. 452 

Models FuHe XinCheng ShenChuan QingCheng 

RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 

RNN 0.187 0.142 0.912 0.237 0.152 0.912 0.327 0.213 0.892 0.232 0.174 0.821 

GRU 0.158 0.124 0.943 0.224 0.151 0.923 0.152 0.138 0.901 0.201 0.143 0.894 

LSTM 0.130 0.133 0.951 0.193 0.160 0.921 0.145 0.161 0.893 0.173 0.143 0.903 

Bi-LSTM 0.112 0.119 0.952 0.164 0.135 0.930 0.140 0.109 0.920 0.151 0.151 0.908 

AT-LSTM 0.121 0.093 0.951 0.170 0.104 0.926 0.124 0.124 0.917 0.150 0.136 0.914 

AT-BILSTM 0.101 0.059 0.970 0.156 0.117 0.944 0.107 0.057 0.931 0.134 0.117 0.926 

In order to further verify the feasibility of the AT-BILSTM model proposed in this paper, the 453 

AT-BILSTM model and the baseline models are applied to the FuHe Bridge, XinCheng Bridge, 454 

ShenChuan Bridge and QingCheng Bridge datasets for test verification. Table 2 shows how the models 455 

perform in the water quality prediction task for four sections. As can be seen from Table 2, the 456 

AT-BILSTM water quality prediction model proposed in this paper is better than the other five baseline 457 

models in terms of RMSE, MAE and R2. Taking the FuHe Bridge dataset as an example, the RMSE 458 

and MAE of the AT-BILSTM model were reduced to 0.101 and 0.059, respectively, and the R2 was 459 

increased to 0.970. The poor performance of the model on the XinCheng Bridge is due to the limitation 460 

of the size of the dataset, resulting in poor model training. 461 

In order to show the data in Table 2 more clearly, we graphically display the predictions of the 462 

AT-BILSTM model on four sections. Fig. 9 shows the prediction curve of the AT-BILSTM model in 463 

this paper over four site datasets. The red dotted lines indicate the actual collected data, and the blue 464 

curve represents the predicted values of the model. It can be seen that the prediction values of the 465 

AT-BILSTM model proposed by us in four sections can be well in line with the actual measured values, 466 

and can achieve better prediction effects on four different sections. 467 

FuHe Bridge XinCheng Bridge

ShenChuan Bridge QingCheng Bridge
 468 

Fig. 9 Comparison of DO predict and actual values on four sites. 469 

In order to evaluate the prediction performance of each model at each point, the percentage of the 470 
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relative error of the model on the FuHe Bridge is calculated. A magnified plot of the model comparison 471 

and an error distribution such as Fig. 10 shown: 472 

 
ˆ| |
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x x

x
 (22) 473 

Where 𝑥𝑡 is the actual value of the moment 𝑡, and �̂�𝑡 is the predicted value of the moment 𝑡. 474 

For the FuHe Bridge dataset, the details of the various models are enlarged such as Fig. 10(a) 475 

shown, as can be seen from the enlarged figure, the Bi-LSTM model based on the attention mechanism 476 

proposed in this paper is superior to other models in terms of trend shape and fit degree of upper and 477 

lower peak points. Fig. 10(b) shows the relative error distribution for each model. It can be seen that for 478 

the FuHe Bridge data sample, the introduction of attention mechanism as a whole reduces the error 479 

percentage of the standard Bi-LSTM and LSTM models, and improves the prediction accuracy of most 480 

sharp points.  481 

Fig. 11 shows a box plot of the percentage relative error of the ablation model on four site datasets. 482 

It can be seen that the relative error distribution range of the AT-BILSTM model proposed in this paper 483 

is always minimal compared with other models and is better than other ablation models in most cases. 484 

But from Table 2 and Fig. 11, we can see that the models trained on the FuHe Bridge, ShenChuan 485 

Bridge and QingCheng Bridge data have better performance, while the models trained on the 486 

XinCheng Bridge dataset have a lower average. It follows from this that the size of the dataset has a 487 

large influence on the accuracy of the model. 488 
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Fig. 10 (a) Enlarged view of each model. (b) Error distribution of each model in FuHe Bridge data set. 490 
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Fig. 11 Error percentage box diagram of four Bridge 492 

The results show that the introduction of Bi-LSTM network for bidirectional learning of data can 493 

improve the prediction accuracy of LSTM model. On this basis, the attention layer is introduced to pay 494 

different attention to the water quality data at different times, which further improves the prediction 495 

accuracy of the model, and can fully explore the series correlation on the water quality time series data, 496 

which is conducive to improving the accuracy of water quality prediction. It also shows once again that 497 

the neural network has good adaptability to the nonlinearity of water quality data. The AT-BILSTM 498 

model becomes more accurate and robust compared to the standard LSTM model. The temporal 499 

attention layer of the model reduces the RMSE and MAE of the LSTM model and increases R2. This 500 

also reflects the advantages of the model we have proposed, which can improve the accuracy of water 501 

quality predictions in the watershed. 502 

Visualization of attention mechanisms 503 

In the previous subsection, we compared the performance of several models based on experimental 504 

details and roughly analyzed the differences between them, and it can be seen that the model based on 505 

the attention mechanism performed better. In this section, we visualize the temporal attention weights 506 

of the AT-BILSTM model and analyze the problems of different degrees of attention of different 507 

prediction time attention mechanisms. 508 

Fig. 12 describes the change in weights of the model's temporal attention to four site datasets 509 

under the conditions of actual water quality data entry. The x coordinate is the prediction time and the y 510 

coordinate is the historical input data. It can be seen that as the forecast time passes, the time attention 511 

weight also gradually changes, and the time attention module focuses on different past moments at 512 

different prediction moments. 513 
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 514 

Fig. 12 This figure is the visualization result of AT-BILSTM model's time attention weights on four site datasets. 515 

Conclusion 516 

With the promotion of fine management of water pollution prevention and control, a large number of 517 

water quality monitoring sites have been deployed in many river basins around the world. How to 518 

effectively use the large amount of data collected by these monitoring stations is an important issue 519 

with the potential to help improve the ecological environment of the watershed. In this paper, a 520 

watershed water quality prediction model (AT-BILSTM) based on the combination of attention 521 

mechanism and Bi-LSTM is proposed and applied to the water quality prediction of multiple 522 

influencing factors in the complex environment of the Yellow River Basin in China. 523 

Taking the four station datasets of FuHe Bridge, XinCheng Bridge, ShenChuan Bridge and 524 

QingCheng Bridge in Lanzhou Section of the Yellow River Basin as an example, the experimental 525 

evaluation was carried out, and the model was analyzed. The results show that: 526 

1) For the water environment quality prediction model based on deep learning, the Bi-LSTM model 527 

is adopted so that the prediction method can learn the data series to be learned in both directions, 528 

and the characteristics of the data can be learned from the double neighborhood. In addition, after 529 

visually displaying the time attention weight of the model, it shows that the model can highlight 530 

the effective characteristics of the input dataset and obtain better accuracy of the model. Moreover, 531 

experimental studies have shown that the average prediction performance of the proposed 532 

AT-BILSTM model in four sections is better than that of the selected baseline model. 533 

2) The quality characteristics of the water environment in different sections are different, and the 534 

trend of change is also different. Therefore, even the same model will have different performances 535 

in different sections, and the prediction performance of sections with stable data is better. The 536 

proposed AT-BILSTM model can also fit the data well when the data fluctuations are large, and 537 

has better generalization ability. And because of the attention mechanism and the reference of 538 

Bi-LSTM, the model has a great advantage in feature extraction for sequence correlation. 539 

The proposed AT-BILSTM model is a water quality prediction model based on attention 540 
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mechanism and Bi-LSTM, which can also be used to predict other time series-based pollutants. With 541 

the vigorous promotion of water environment governance in river basins, the proposed water quality 542 

prediction model has great potential for application and can provide a guarantee for the safety and 543 

stability of the water quality environment. At the same time, because the deployment of water quality 544 

monitoring sites has only begun to be promoted in recent years, historical data is limited, which may 545 

have a certain impact on the training of models. In the next step, as more water quality monitoring sites 546 

are deployed, the forecasting model will be further enhanced and optimized. In addition, because the 547 

performance of deep learning models is often related to different parameters and datasets. Therefore, 548 

how to improve and stabilize the forecasting ability of our models and better support online time series 549 

forecasting and early warning applications is the focus of our future research. 550 
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