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Abstract

the wastewater treatment process in real-time, using traditional machine learning methods is a challenge because of various

To accurately identify microorganism species in the activated sludge of sewage treatment systems and modify

complicated processes. In this study, a deep learning approach based on the integration of attention mechanism and
transfer learning is proposed to accurately identify the species of microorganisms in sewage-activated sludge by overcoming
the requirements of developing features manually, extracting features, designing classifiers, and other complicated
processes. On the basis of transfer learning, the conventional VGG16 model is enhanced by including the attention module
(SE-Net block) and modifying the output module, and the dataset is expanded using the data improvement approach.
Experimental findings demonstrate that compared with the model before the enhancement, the enhanced model (T-SE-
VGG16) can accurately recognize microorganisms in various types of sewage-activated sludge with a test accuracy of
98.21%, which enhances the recognition accuracy and reduces the training time. The model converges rapidly and has a
strong generalization ability in terms of training time. Moreover, the T-SE-VGG16 model’ s feasibility and reliability for
the identification of microorganisms in sewage-activated sludge are verified.
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Fig. 1 Images of micro-animals. (a) Rotifer; (b) Euplotes; (¢) Peranema trichophonrum; (d) Vorticella; (e) Litonotus; (f) Nematode
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Fig. 2 Data enhancement effect. (a) Original image; (b) flipping horizontally; (c) rotating 90°; (d) rotating 180°; (e) adding appropriate
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Table 1 Comparison of number of parameters before and after

model improvement

Model Number of parameters
Before improvement 70305606
After improvement 14931334
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Fig. 5 Training process of improved VGG16 model based on transfer learning
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Table 2 Comparison of classification performance before

and after data augmentation

Dataset Accuracy /%
Original 93.05
Augmentation 98.21
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Table 3 Comparison of performance of each model

Network Accuracy /% Time /s
VGG16 96. 53 354
T-VGG16 97.26 76
T-SE-VGG16(uncut) 96. 53 95
T-SE-VGG16 98.21 70
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Table 4 Precision of each model

Micro-animal T-SE-VGG16 T-VGG16 T-SE-VGG16 (uncut) VGG16
Rotifer 0.976 0.975 0.976 0. 990
Euplotes 0.989 0.947 0.977 0.988
Peranema trichophonrum 0. 990 0.979 0. 989 0.916
Vorticella 1.000 0.993 0.986 0.986
Litonotus 0.947 0.958 0.89%4 0.973
Nematode 1.000 1. 000 0.962 0.938
5 ABAEH WA
Table 5 Recall of each model

Micro-animal T-SE-VGG16 T-VGG16 T-SE-VGG16 (uncut) VGG16
Rotifer 0.990 0.985 0.990 0.975
Euplotes 0.978 0.994 0.956 0.911
Peranema trichophonrum 0.975 0.940 0.915 0.990
Vorticella 0.986 1. 000 1. 000 0.986
Litonotus 0.993 0.958 0.993 0.986
Nematode 0.963 0.951 0.938 0.926
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Table 6 F1-score of each model

Micro-animal T-SE-VGG16 T-VGG16 T-SE-VGG16 (uncut) VGG16
Rotifer 0.983 0. 980 0.983 0.982
Euplotes 0.983 0.975 0.966 0.948
Peranema trichophonrum 0.982 0.959 0.951 0.952
Vorticella 0.993 0.996 0.993 0.986
Litonotus 0.970 0. 958 0.941 0. 980
Nematode 0.981 0.975 0. 950 0.932
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