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Abstract

Air quality has always been one of the top environmental concerns of the public and society, and its
quality has been compromised by economic activities. However, due to the complexity of the air and
the impact of human activities on it, predicting air quality is not a small challenge. Traditionally,
when a single machine learning model is used to predict air quality, it is difficult to obtain good
prediction results under various AQI fluctuation trends. In order to solve this problem effectively, a
prediction model based on Hierarchy Belief Rule Base-RFI is proposed in this paper, which provides
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a useful method for air quality prediction. First of all, in order to improve the accuracy of the model,
random forest is used to screen the key features, and ER fusion is carried out on the features that
are not screened. Secondly, the interpretability criteria of air quality prediction methods are pro-
posed to standardize the interpretability of the whole modeling process. Then the inference and
optimization methods of the model are given. Finally, the validity of the model is verified by exper-
iments.
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Figure 1. Air quality prediction method based on RFI-HBRB
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Figure 2. Flow chart of evidence reasoning
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Figure 3. Flowchart of the whale optimization algorithm
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Table 1. Initial reference values

®1 MesEE

p=i

S VL L M H
BRBL X1 2 56 186 380
X2 6 49 129 560
BRB? X3 0.22 0.65 0.83 0.98
X4 15 49 129 440
Table 2. Initial rules for BRB
7 2. BRB H#]%a N
rule N Indicators Rg:)en;/t\izii?]rt]t Rule Initial Belief The Belief Constraint
ule No. (%, %) ¢ ~G, Weight ¢, {af,azk,aé‘,af} {alk,azk,aé‘,af}

1 VLVE 0.5-1 1 {0.9, 0.05, 0.05, 0} {0.8-0.9, 0-0.1, 0-0.1, 0-0.1}
2 VLt 0.5-1 1 {0.75, 0.2, 0.05, 0} {0.7-0.8, 0.2-0.3, 0-0.1, 0-0.1}
3 VM 0.5-1 1 {0.3,0.4,0.2,0.1} {0.2-0.4,0.4-0.5,0.1-0.3,0-0.1}
4 VLH 0.5-1 1 {0.05, 0.35, 0.3, 0.3} {0-0.1, 0.1-0.2, 0.2-0.4, 0.3-0.5}
5 LVt 0.5-1 1 {0.9,0.1,0, 0} {0.9-1,0-0.1, 0-0.1, 0-0.1}
6 Lt 0.5-1 1 {0.75, 0.15, 0.1, 0} {0.7-0.8,0.1-0.2, 0-0.1, 0-0.1}
7 LM 05-1 1 {0.25,0.35,03,0.1}  {0.2-0.3,0.3-0.4, 0.3-0.4, 0-0.1}
8 LH 05-1 1 {0.2,03,0.25,0.25}  {0.1-0.3,0.3-0.4, 0.2-0.3,0.2-0.3}
9 MVE 05-1 1 {0.25,0.35,03,0.1}  {0.2-0.3,0.3-0.4, 0.2-0.4, 0-0.1}
10 ML 05-1 1 {055,02,01501}  {0.5-0.6,0.1-0.3, 0.1-0.2, 0-0.1}
11 MM 05-1 1 {0.2,0.25,0.4,0.15}  {0.1-0.2,0.2-0.3, 0.4-0.5, 0.1-0.2}
12 MH 05-1 1 {0.05,0.1,0.3,055}  {0-0.1,0.1-0.2,0.2-0.3, 0.5-0.6}
13 HVL 0.5-1 1 {0.05, 0.5, 0.25, 0.2} {0-0.1, 0.4-0.6, 0.2-0.3, 0-0.2}
14 H- 0.5-1 1 {0.25, 0.5, 0.15, 0.1} {0.2-0.3,0.4-0.6, 0.1-0.2, 0.1-0.2}
15 HM 0.5-1 1 {0.05, 0.1, 0.2, 0.65} {0-0.1, 0-0.1, 0.1-0.3, 0.6-0.7}
16 HH 05-1 1 {0,0.1,0.15, 0.75} {0-0.1,0-0.1,0.1-0.2, 0.7-0.8}
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Figure 4. Experimental process of air quality prediction
4. ESRETNEEZE

4.2. {RBRSII SR

Table 3. Optimized rules
= 3. MALERIE

Rule No. Indicators (X, ) Rule Weight &, The Optimized Belief {alk,ag,a?‘f,aj}
1 VLW 0.9522 £0.95, 0.05, 0, 0}
2 VLL 0.5621 £0.75,0.25, 0, 0}
3 VLM 1 £0.3,0.4,02,0.1}
4 VLH 1 £0.05,0.35, 0.3, 0.3}
5 LV 0.6427 £0.85,0.15, 0, 0}
6 Lt 0.9452 £0.7,0.15, 0.1, 0.05}
7 LM 0.9022 {0.3,0.35, 0.3, 0.05}
8 LH 1 £0.2,0.3,0.25, 0.25}
9 MV 0.8385 {0.3,0.35, 0.3, 0.05}
10 ML 0.6173 £0.6,0.2, 0.15, 0.05}
11 MM 0.5509 £0.15,0.25, 0.4, 0.2}
12 MH 0.9633 {0, 0.05, 03, 0.65}
13 HVL 1 £0.05,0.5, 0.25, 0.2}
14 HL 0.8777 £0.2,05,02,0.1}
15 HM 0.8273 £0.,0.1, 0.1, 0.8}
16 HH 0.9978 £0, 0, 0.15, 0.85}
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