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Abstract: For the problem of predicting the particle organic nitrogen (PON) concentration in water environment,
this paper proposes an adaptive radial basis function neural network with dual-scale attention (ARBFNN-DSA);

Firstly, a data—driven RBFNN with an input feature attention mechanism is designed to enhance the extraction

ability of effective features; Secondly, the differentiated weights of the attention mechanism are associated with the

center and width of the kernel function, enabling the kernel function to have better adaptive ability, thereby

achieving the adaptive quantitative evaluation of the input data distribution and feature importance; At the same

time, the mutual information measurement method is used to analyze the sensitivity between the input and output of

the ARBFNN-DSA, thereby quantifying the causal contribution degree of the associated variables to the evolution
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of the PON state; Finally, the ARBFNN-DSA model is applied to the soft measurement of PON concentration in the

Dagu River Basin of Shandong province. The results show that the ARBFNN-DSA model not only achieves accurate

modeling and prediction of PON dynamics, but also provides quantitative analysis of the potential pollution source
variables. Compared with the comparative models SODBN-AAL and EDBN, ARBFNN-DSA has improved the

predictive accuracy and generalization performance by 16.98% and 13.39%, respectively.

Keywords: PON prediction; RBF neural network; dual—scale attention; soft—measuring model; water environment
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Fig. 7 Generalization errors of the different models
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Table 2 Comparison results of predicting PON with different models

Jisii] Eti) Y11k MSE (mg/L) B3 UF MSE (mg/L) 5 MSE (mg/L) SIBTTR N (s)
RBFNN 7-32-1 0.0983+0.0038 0.1167+0.0048 0.1425+0.0087 35.73+1.32
DBN 7-20-18-15-1 0.0713+0.0045 0.0867+0.0059 0.1183+0.0076 59.62+1.31
FNN 7-20-16-1 0.0794+0.0052 0.0916+0.0062 0.1286+0.0067 45.29+1.18
LSTMNN 7-30-1 0.0629+0.0056 0.0785+0.0065 0.0927+0.0068 48.72+1.24
EDBN 7-16-12-10-1 0.0682+0.0031 0.0829+0.0035 0.0936+0.0039 46.14+0.98
SOFNN 7-18-10-1 0.0653+0.0042 0.0791+0.0047 0.0942+0.0051 40.38+1.13
SODBN-AAL 7-18-12-8-1 0.0624+0.0040 0.0810+0.0043 0.0913+0.0047 43.16x1.21
HR-RBFNN 7-48-1 0.0813+0.0037 0.0954+0.0049 0.1208+0.0052 39.45+1.30
ESN 7-36-1 0.0526+0.0035 0.0698+0.0046 0.0926+0.0049 42.56+1.28
AMED 7-32-1 0.0618+0.0041 0.0759+0.0055 0.0973+0.0062 38.95+1.33
AB-LSTM 7-20-16-12-1 0.0597+0.0044 0.0734+0.0057 0.0852+0.0063 44.87+1.35
AS-CNN 7-26-18-1 0.0623+0.0058 0.0797+0.0069 0.0984+0.0074 41.23+1.27
ARBFNN-DSA T7-7-7-10-1 0.0538+0.0027 0.0647+0.0029 0.0758+0.0032 36.28+0.96
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