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Tab.1 Parameter settings

Time Learning Loss Number of
nEpoch
Window Rate function hidden layers
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Fig. 2 Comparison of accuracy for different sample sizes
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Tab.2 Analysis of accuracy of prediction results

with different sample sizes

#4‘2‘2&%/3 MMJ\E71 MMAPE RRMSF;
/(mg+ L™ /% /(mg+ L™
1/12 0.520 6.186 0.013
1/4 0.089 6.139 0.017
1/2 0.110 4. 054 0.022
1.0 0. 106 3.003 0.023
1.5 0.062 2.626 0.011
2.0 0.035 2. 880 0.003
3.0 0.029 2.548 0.002
4.0 0.028 2.431 0.001
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Fig.3 Comparison of prediction effects of different models
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Fig. 4 Comparison of loss functions of different methods
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Fig.5 Anomaly simulation prediction results
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Tab.3 Analysis of accuracy of prediction results

of different models
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CNN-EA 0.077 3.1 0.014

CNN-LSTM 0.083 3.3 0.016

CNN-EA-ConvLSTM 0.074 2.9 0.013

GA-CNN-EA-ConvL.STM 0.063 2.6 0.012
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CNN-EA-ConvLSTM Water Quality Prediction Model

Based on Evolutionary Algorithm Optimization
WANG Hong-chen"sMA Jun",CHEN Bo-hang*

(a. College of Physics and Electronic Information Engineering; b. Academy of Plateau Science and Sustainability
(Key Laboratory of Internet of Things); c. College of Computer. Qinghai Normal University, Xining 810016, China)

Abstract: Aiming at the problem that the traditional water quality prediction method is difficult to capture the spatial
and temporal characteristics of the sample, this paper proposes to establish a CNN-EA-ConvLSTM based water quality
prediction model. The convolutional neural network (CNN) was used to reduce the dimensionality of the data and extract
the sample features. Then the hidden information among samples was explored by the external attention mechanism. The
convolutional long and short-term memory network (ConvLSTM) was further used to capture the spatial characteristics
of the data. To achieve optimal results of the model, a genetic algorithm was used to optimize the parameters of the mod-
el. The water quality test data of Qinghai Province was used as a sample to simulate and validate the model. The results
show that the mean absolute error (M ,r) of the model is 0. 063, the root mean square error (Ryyse) is 0. 012, and the
mean absolute percentage error is 2. 6 % , which are respectively reduced by 18% and 24 %, 14% and 25% ,16% and 21 %
compared with the CNN-EA model and CNN-LSTM model. Therefore, the model can effectively obtain the spatial and
temporal characteristics of water quality, attenuate the influence of different samples, and achieve the ideal prediction

effect.

Key words: water quality prediction; CNNj;external attention; ConvLSTM; GA





