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Abstract. Water resources are an important natural resource for mankind. Pro-
tecting water resources is the key tomaintaining human survival and development.
Water quality is affected by many factors, including physical and chemical fac-
tors, so the accuracy of traditional water quality prediction methods is not yet
satisfactory. In order to improve the accuracy of water quality prediction, this
paper proposes a multi-factor water quality prediction method based on wavelet
transform and LSTM (WT-LSTM). Firstly, we select multi-featured factors in the
water quality data as inputs, then, noise reduction is performed on each original
feature based on wavelet decomposition, and finally, the noise reduced data are
input into LSTM for estimation. The experimental results show that the prediction
performance ofWT-LSTM is better than the original LSTMpredictionmodel, and
the multifactor prediction is better than the single-factor method. The final experi-
mental coefficient of determination is 0.9650, which is higher than the comparison
model.
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1 Introduction

Water represents an indispensable resource for humans and other organisms to survive
on the earth [1, 2]. Due to economic development, many industrial wastewaters are pro-
duced, which seriously damages the ecological environment and ecological functions of
water. With population growth and economic development, China’s water consumption
is increasing, but seriouswater pollution has reduced the utilization of various freshwater
resources.

Water quality prediction is built on the historical data from previous monitoring,
through the water quality prediction model to predict the future trend of water qual-
ity data [3]. In the prevention and control measures of water resources, water qual-
ity prediction has become more and more important [4–6]. Effective and accurate
water quality prediction data can monitor the trend of water quality changes in real
time and take countermeasures in advance, effectively avoid and prevent water quality
deterioration, improve water pollution control, and promote ecological restoration, the
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future development of the water environment is of great significance [7–9]. The most
common indicators of water quality prediction are PH value, dissolved oxygen, total
phosphorus, ammonia nitrogen, biological oxygen demand, chemical oxygen demand,
and some physical indicators, such as water temperature, conductivity, and turbidity.
At the beginning of the water quality prediction research, it is the dissolved oxy-
gen (DO) as the center of research, to study the relationship between the consump-
tion rate of DO and BOD in the water body, and the relationship between the oxygen
deficit value in the water body and the rate of oxygen entering the water body through
the water surface [3, 10].

Machine learning is employed forwater quality prediction research, and better results
are achieved [11–15]. Li et al. [16] proposed a water quality prediction model based on
multi-source datamachine learning for the shortage ofmeteorological, hydrological, and
socio-economic factors considered in traditional water quality prediction, and experi-
mentally proved that machine learning can integrate meteorological, socio-economic
and other multi-source and different spatio-temporal data to complete hierarchical water
quality prediction, and the best performance of the prediction model based on random
forest. Lu et al. [11] proposed two new hybrid decision tree based machine, using these
two prediction models for water quality prediction in Tarakin River basin, and the results
show that the hybrid decision tree based machine learning model predicts better than
the traditional model. Juna et al. [17] proposed a nine-layer multilayer perceptron with
K-nearest neighbor algorithm together with the K-nearest neighbor algorithm for deal-
ing with the missing value problem, and the experimental results demonstrate that the
proposed 9-layer MLP model has excellent water quality prediction accuracy up to 0.99
under the KNN algorithm.

With the development of deep learning, Neural networks are increasingly used in a
wide range of applications [18–22], and many literature experiments have demonstrated
the effectiveness of neural networks in water quality prediction [22–24]. Tu et al. [25]
proposed a water quality prediction model based on deep learning gated recurrent neural
network in order to optimize and improve the accuracy ofwater quality predictionmodel,
and proved that the water quality prediction model based on deep learning significantly
improved the prediction accuracy than the traditional water quality prediction model.
Wang et al. [26] used a neural network technologymodel forwater quality prediction, and
concluded that the BP neural network total nitrogen prediction model with gray correla-
tion degree can effectively predict water quality changes, but it needs to be upgraded and
optimized under the conditions of multiple influencing factors. Ali et al. [27] proposed
an enhanced wavelet noise reduction technique based on neuro-fuzzy inference system.
The enhancedwavelet noise reduction technique of water quality predictionmodel based
on neuro-fuzzy inference system is verified to have significant improvement over the
previous water quality models.

In order to improve the LSTMprediction accuracy, the original data can be processed
by noise reduction first [28, 29]. Chen et al. [30] considering the problem of large-scale
continuous missing data, a TrAdaBoost-LSTM model is proposed and the effectiveness
of the method is experimentally verified. Sun et al. [31] proposed a wavelet decomposi-
tion based LSTMmodel based on LSTMmodel for four water quality indicators, which
has higher prediction accuracy and better effect than the traditional LSTM model.
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In the prediction process, it is divided into single-factor and multi-factor based pre-
diction according to the dimensionality of eigenvalues. Shi et al. [32] established a water
quality prediction model based on wavelet analysis with long and short memory neural
network, which decomposes water quality data into high-frequency and low-frequency
signals, and then inputs them into the LSTM model for single-factor water quality pre-
diction. It is noted that wavelet analysis method can better capture the characteristics of
water quality data, and its combination with LSTM water quality prediction model can
significantly improve the accuracy of water quality prediction. However, the study used
a single factor prediction that does not reflect overall water quality conditions.

In terms ofmulti-factor prediction,Wang [33] proposed an improved gray correlation
analysis algorithm IGRAbased on the traditional gray correlation analysis algorithm, and
the correlated water quality indicators selected based on IGRA were input into LSTM
together with the target water quality indicators for water quality prediction, and the
experimental results showed that the water quality prediction method based on IGRA-
LSTM can make full use of the multiple correlations of water quality indicators, and the
accuracy of the prediction model using the correlated indicators as the input of multiple
features was improved. The accuracy of the prediction model using correlated indicators
as multi-feature input has been improved. Liu [34] proposed a multi-factor water quality
prediction model based on LSTM, using K-Similarity noise reduction method to reduce
the noise of the model input data and improve the model prediction performance.

In order to improve the accuracy of water quality prediction, this paper uses the
multi-factor characteristics of water quality data, combining wavelet decomposition and
LSTM to study water quality prediction methods. The main contributions of this paper
are as follows.

(1) Summarize the current status of water quality prediction, summarize and analyze
the research around deep learning models in water quality prediction, and compare
the advantages and disadvantages of single-factor and multi-factor water quality
prediction.

(2) Establish awavelet transform-based LSTMwater quality predictionmodel, compare
the accuracy difference between the wavelet transform-based LSTM water quality
prediction model and the traditional LSTM model in predicting water quality data,
train and test the two sets of models, and finally compare and analyze the prediction
results.

(3) Experimentally compare and analyze the algorithm on datasets with different time
spans, and use wavelet transform for noise reduction on the basis of multi-factor
features to further improve the effectiveness of the algorithm.

2 Data Sources and Prediction Framework

2.1 Data Sources

Water environment is a complex gray system,water quality indicators under the influence
of various factors, non-linear changes over time, with complex multivariate correlation.
Water quality contains many elemental content, such as PH, total phosphorus, dissolved
oxygen, total nitrogen, nitrate nitrogen, potassium ions, sodium ions, etc. These ele-
ments will also change with the physical environment changes, physical and chemical
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factors combined with each other to affect the prediction of water quality data. When
the dissolved oxygen in the water is below a certain threshold, the fish and shrimp in the
water will die of lack of oxygen.

The data set of this paper is the monthly observation data of 8 monitoring stations in
Taihu Lake from 2000 to 2006, total 672 items, provided by the National Earth System
Science Data Sharing Service Platform. The physical water quality indicators include
transparency, rainfall, suspended solids, and chemical water quality indicators include
PH, total nitrogen, total phosphorus, potassium permanganate index, dissolved oxygen,
ammonia nitrogen, and chloride. Among the chemical indicators, dissolved oxygen and
total nitrogen are two principal water quality pollution indicators.

The water quality data of Taihu Lake from January 2001 to December 2006 were
used, and the data from testing station TH01 is taken here, with a total of 190 records.
All the above data are relatively complete, so no vacant values were filled, and only
normalization was performed. In the water quality data, the total nitrogen content is
not consistent with the normal distribution, so the maximum-minimum normalization is
used. Because of the small amount of data, the window size was chosen as 3. The data
of the first 3 months were used to predict the data of the next month.

2.2 Forecasting Framework

2.2.1 Wavelet Transform

The LSTM model has strong advantages for predicting time series data, but it is more
difficult to obtain data patterns for data with high variability and complexity, and the
prediction results obtained will be poor. Wavelet analysis is a mathematical theory and
method that has emerged in the last decade or so. Wavelets can perform effective time-
frequency decomposition of signals, which is a flexible time-frequency analysis tech-
nique that can separate real signals from excess noise. Figure 1 shows the general form
of wavelet function.

Fig. 1. General form of wavelet function
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For the amount of mutation in the signal, there is a Gibbs effect in the Fourier
transform, and the mutation signal is not well fitted with the infinitely long trigonometric
function, while the attenuated wavelet can be better fitted to the mutation signal. As
shown in Fig. 2, for the mutation signal, the coefficients are not zero only when the
wavelet function and the signal mutation overlap.

Fig. 2. Wavelet function fitting mutation signal

After wavelet decomposition, the result of each layer of decomposition is that the
low-frequency signal obtained from the previous decomposition is decomposed into two
parts: low-frequency and high-frequency. After N layers of decomposition, the source
signal X is decomposed as follows: X = D1 + D2 +… + DN + AN + DN + AN
where D1, D2,… DN are the high-frequency signals obtained from the first, second and
N-layer decompositions, and AN is the low-frequency signal obtained from the N-layer
decomposition.

The reconstructed data series obtained after wavelet transform possesses the ability
to characterize the local features of the signal in both time and frequency domains, and
it is easier to detect singularities or transients of the signal than the original data series
signal, which has obvious advantages for analyzing and processing non-smooth time
series. In this paper, db10 is selected as the basis wavelet for the reason that db10 is
more suitable for the decomposition of relatively smooth data sets.

2.2.2 LSTM-Based Water Quality Prediction Model

This paper uses LSTM model for water quality prediction, which is faster and easier
to converge to the optimal solution than traditional neural networks when dealing with
time series problems, and is very suitable for dealing with time series like water quality
indicators.

Let the water quality indicators of the n chronological arrangement of the historical
data values constitute a time series of xi(n) = [xi(1), xi(2)...xi(m)..xi(n)], i represents the
name of different water quality indicators, such as xi represents dissolved oxygen, then
xi(n) represents the n chronological historical monitoring values of dissolved oxygen,
xi(m) represents the observed values of dissolved oxygen at the mth moment. Set m
moment for the current moment, water quality indicators xi in the previous d moments
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to m moments of the data series, where d is used to indicate the size of the sliding
window. When using the features for prediction, based on the size of d, the data of the
water quality indicator xi will be passed to the input layer of the LSTM water quality
prediction model, so the predicted value of the next moment of the sequence

�
xi(m+ 1).

Each implicit layer neuron contains an input gate I, an output gate O, a forgetting gate
F, and the current state c(m). The gating mechanism implements the selective memory
function of the LSTM, which makes the LSTMmore suitable than the traditional neural
network to handle the temporal prediction problem. The computation process of each
part of the implicit layer neuron is as follows.

hj(m) = H(m)(WihXi(m) + Whhhj-1(m) + bh) (1)

�
xi(m + 1) = σ(WhoH (m) + by) (2)

The calculation process of the forgetting gate F:

F = σ(Wfixi(m) + Wfccm + Wfhh(m − 1) + bf ) (3)

Calculation procedure for input gate I:

I = σ(WIixi(m) + WIccm−1 + WIh(m − 1) + bI ) (4)

Current status c(m) Update the calculation process:

cm = F ∗ cm−1 + I ∗ g(Wcixi(m) + Wchh(m − 1) + Wcccm−1 + bc) (5)

The procedure for calculating the output gate O:

O = σ(Woixi(m) + Whhh(m − 1) + Woccm−1 + bo) (6)

The output of the implicit layer at moment m is

h(m) = O ∗ P(cm−1) (7)

Based on the LSTMmodel to predict water quality indicators, the size of the sliding
window d is set and the sequence is used to predict the value of the next moment. When
the sliding window d is 3, it means that using the data of the first three moments to
predict the data that may be generated in the next moment, for example, using the data
of January, February and March will be able to predict the data model of the 4th month,
using the data of April, May and June will be able to predict the data model of the 7th
month, and so on.

2.2.3 Process Design

Based on the LSTM model, wavelet transform is added to the original data for signal
processing to improve the accuracy of the prediction model. Based on wavelet transform
and LSTM model of water quality prediction flow chart is shown in Fig. 3.
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Fig. 3. System flow and framework

The steps to achieve the prediction are as follows.

Step 1. The collectedwater quality index datawere normalized by usingmean smoothing
method to reduce noise.
Step 2. The sample data are uniformly divided into the first 80% as training data and the
second 20% as test data.
Step 3. Using the training data as the sample input for training the WT-LSTM neural
network model, the following two steps are performed on the model.

(1) Select “db10” as the base wavelet, and perform 3rd order wavelet decomposition
on the data to obtain the low frequency signal A3 and high frequency signals D1,
D2 and D3;

(2) Using LSTM to predict A3, D1, D2, and D3 respectively.

Step 4. Use the test data as the input sample of WT-LSTM model, output the prediction
accuracy of the model and compare the error with the comparison test model.
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3 Experimental Results and Analysis

3.1 Experimental Environment and Parameter Settings

PH, total nitrogen, total phosphorus, ammonia nitrogen, nitrite nitrogen, nitrate nitrogen,
potassium ion, sodium ion, calcium ion multi-factor data were selected as the eigenvalue
input for wavelet transform based LSTMwater quality prediction, and the data were pre-
processed separately using the wavelet transform method first. Among them, 190 data
values of total nitrogen were selected as the eigenvalue input.

In the LSTMmodel prediction, the number of nodes in the input layer is determined
by the size of the sliding window d, and the number of nodes in the output layer is 1.
Because the number of nodes in the hidden layer is determined by relying on continuous
experimental results, in order tomake theLSTM-based numerical predictionmodelmore
accurate, through training, comparing the results of different parameters, the number of
hidden layer neurons is finally set to 12, the activation function is After several tests, the
number of iterations epochs was 150, the number of single training samples batch size
was set to 16, and the learning rate was set to 0.005.

In this study, the mean absolute error (MAE), root mean square error (RMSE), and
coefficient of determination (R2) are used to measure the prediction effect of the model.
MAE and RMSE aremeasures of deviation between the true and predicted values, which
are related to the magnitude, and the smaller the value indicates the better prediction
effect of themodel, and the closerR2 is to 1 indicates the better fitting ability of themodel,
which can be compared with the goodness of fit of models of different magnitudes.

3.2 Analysis of Experimental Results

3.2.1 LSTM-Based Prediction

Total nitrogen is better predicted in a sliding window of 3, the number of nodes in the
implied layer is 30, the epoch is 150, MAE, RMSE, MAPE are less than 0.1, and R2 is
0.9446. The loss function starts to fluctuate more frequently after 20 iterations, which
can be adjusted by modifying the learning rate (Fig. 4).

It is found that the number of implicit layer nodes and iterations are not better under
the same window, and different relative parameter values are obtained under different
windows. In Fig. 5, it can be seen that the error at the extreme value, especially at the
minimum value, is larger, and some adjustments can be made to the parameters.

3.2.2 Prediction Results Based on WT-LSTM

Wavelet transformwas done for one of the dependent variables, TN, and the initial image
of the TN content is shown in Fig. 6.

The waveform of TN is decomposed into d1, d2, d3, a3 respectively. A three-layer
wavelet decomposition is performed and the decomposed waveform is shown in Fig. 7.

Finally, the TN image and data after wavelet processing are output. Compared with
the original image, the wavelet transformed image is clearer and smoother.

Through wavelet decomposition, reconstructed data sequences can be obtained
which are able to characterize the local features of the signal in both time and fre-
quency domains, thus making it easier to detect real-time states or singularities of the
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Fig. 4. Loss function

Fig. 5. Comparison of true and predicted values

signal. When analyzing and processing non-stationary time series data, LSTM does not
predict mutations well. Wavelet transform has the ability to characterize local features,
so it can detect real-time states and singularities, which has obvious advantages (Fig. 8).

The wavelet transform was applied to all dependent and independent variables and
then put into the LSTM neural network model for training, but the resulting images are
as shown in Fig. 9. The difference between the wavelet predicted data and the true value
is very large. We found that because the original data was wavelet transformed and then
put into the LSTM neural network model for training. The original data is the original
data for LSTM neural network training to produce the predicted value and the real value
comparison, so the wavelet transformed data then compared with the original data will
have a large error and should be compared with the original data after wavelet transform.

The original data with wavelet transform is also put into the image, as shown in
Fig. 10. It can be seen that the accuracy of the data that have undergonewavelet transform
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Fig. 6. The original TN data

Fig. 7. Three-layer wavelet decomposition of TN

Fig. 8. TN after wavelet transform
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Fig. 9. Prediction results

is higher at the minimum value and relatively higher at the maximum value compared
to the predicted values of LSTM without wavelet transform.

Fig. 10. Wavelet transform comparison experiment

In order to use the same reference data to measure the model effect, the initial data
was wavelet transformed as the true value, and then the data was put into the LSTM
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model for testing to get the predicted value (LSTM), and then the predicted value 1
was wavelet transformed and compared with the true value. The results are shown in
Fig. 11. It can be seen that the data without wavelet transform has a large error at both
the maximum andminimum values, while the wavelet transformed data can better match
the true value at both the maximum and minimum values. After wavelet decomposition
and then using the long-short memory neural network model for time series prediction
more accurately reflects the overall trend and grasps the details of changes.

Fig. 11. Comparison of prediction results

As shown in Table 1, after scoring the models, it can be seen that the prediction
model incorporating the wavelet transform is more accurate than the regular LSTM data
in all metrics.

The experimental results prove that LSTM neural network has a strong advantage in
predicting time series data, but for the data with high complexity and high frequency of
change, it is difficult for a single LSTM prediction method to obtain the change rule of
the data, which leads to poor simulation and prediction results. Wavelet decomposition
can decompose the information of different frequency bands in the original data, greatly
reducing the complexity of the data, and then predict these data separately to improve
the prediction accuracy.

Table 1. Evaluation and comparison of Models

Models MAE MAPE RSME R2

LSTM 0.0715 0.0990 0.0088 0.9446

WT-LSTM 0.0519 0.0064 0.0597 0.9650
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4 Conclusion

In this paper, we studied the water quality prediction based on time series analysis, and
proposed a multifactor water quality prediction method integrating wavelet transform
and LSTM for the implied complexity and high-frequency variations of water quality
data, and used different waveform decomposition to improve the prediction accuracy.
The experimental results show that the results without wavelet transform data have larger
errors at the maximum and minimum values, while the results with wavelet transform
data can better match the real values at both the maximum and minimum values. Multi-
factor can fully utilize the multiple correlations of water quality indicators, which can
better reflect the overall water quality condition.

In terms of the LSTM-basedwater quality predictionmethod, this paper has achieved
certain research results, but the method still has some areas that need to be improved
and perfected. Due to the complex structure of LSTM neurons, the training time of
the prediction model is long, and it can be considered to improve its neuron structure to
shorten the training time, thus shortening the training period. How to improve the LSTM
to better reflect the intrinsic mechanism of water quality change to further improve the
prediction accuracy still needs to be explored.
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