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Prediction Method of Algae Coagulation Removal
Rate Based on Deep Learning

ZHOU Shiqing", MA Wangchi, SHENG Da, WU Yangtao, BU Lingjun
(College of Civil Engineering, Hunan University, Changsha 410082, China)

Abstract: Aiming at the problem that it is difficult to determine the dosage of coagulant for algae outbreak in wa-
terworks, a prediction method of algae coagulation removal rate based on deep learning is proposed. DenseNet convo-
lution neural network and floc image are used to predict the algae coagulation removal rate, so as to adjust the dosage.
The specific method is to coagulate the high algae water under laboratory conditions, and record the floc image and
the corresponding removal rate range after coagulation. The floc image data set was constructed with the removal rate
interval as a label, and the DenseNet—121 model was trained with this data set. The results show that the prediction
accuracy of the trained model for the test set reaches 89.5%. Compared with VGG and RESNET convolution neural
network, the DenseNet convolution neural network has higher recognition accuracy on the data set established in this
paper and has obvious advantages over the other two models in identifying floc images with a removal rate of 60%~
90%. At the same time, the recognition of Microcystis aeruginosa floc image outside the data set verifies the good gen-
eralization of the model.
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Fig. 1 Algae removal efficiency under different

coagulation conditions
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Fig.2 DenseNet network structure diagram
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Tab.1 DenseNet—121 network structure parameter table
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Fig.3 Floc image dataset samples
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Tab. 2 Floc image data set partition
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Fig.5 Confusion matrix of model testing
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Tab.3 Model test accuracy table

FBRRXEAES % AERE(PA)% PR (UA)/%
0~60 94.9 92.9
60~90 80 83.1
90~100 92.4 91.3
SMAST SN 89.5
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Tab.4 Comparison of prediction accuracy of different
convolution neural networks

e PRSI/ % }
RSN 1 4 BAHEE %
0~60  60~90  90~100
DenseNet—121 94.9 80 92.4 89.5
VGG-16 100 48.1 91.1 80.7
ResNet-101 94.2 0 94.9 67.3
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Tab.5 Test results of generalization performance of DenseNet network
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