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Air quality detection based on multi-source information and
image feature generalization

Wang Xiaoting! Cui Yabo' Liu Lina®
(1. School of Information Engineering, Kaifeng University, Kaifeng 475004, China;2. National Supercomputing Center

in Zhengzhou, Zhengzhou University, Zhengzhou 450001, China)

Abstract: In response to the issue of excessive reliance on professional equipment for detecting air PM, ; concentration,
an air quality detection algorithm based on multi-source information and image feature generalization is proposed.
Firstly, the EfficientNet-BO was used as the backbone network for feature encoding of the input atmospheric visible
image, the multi-source meteorological information, such as temperature, humidity, wind speed, pressure and light
intensity, was mapped into feature vectors corresponding to the atmospheric image, and fused with the atmospheric
image features. Then, the global features were output as scalars using a fully connected layer, and the PM, ;
concentration in the air was detected using a loss function. Finally, the features of atmospheric images at different
scales were randomly generalized and enhanced in the training phase of the network model to enrich the sample
distribution space, making the network to learn more features from limited data samples., thereby effectively improving
the performance of the detection network. The experimental results show that the designed air quality detection method
has higher detection accuracy and stability compared to several mainstream methods, the RMSE and R-squared
obtained on the test set are 21. 55 pg/m® and 0. 923, respectively. The average error obtained by detecting 8 scenarios
is only 5. 2%, and the maximum error is only 7. 6% , which can adapt to air quality testing tasks in various extreme
atmospheric pollution environments.

Keywords: air quality; PM, ; detection; convolutional neural network; multi-source information; feature generalization

enhancement;feature fusion
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Fig. 1 Structure of air quality detecion system
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Fig. 2 Overall framework of the algorithm
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Table 1 Parameters of EfficientNet-B0 network structure
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Table 2 Comparison of experimental results

T ) 2% RMSE v R-square * #EFEFA]/ms
EPF™ 64.32 0. 484 30. 3
RBF-LSTM™* 59.15 0.578 25. 6
EfficientNet-B0 55. 31 0. 651 8.4
Contralea " 46. 03 0.725 40. 0
ResNet50H 41. 54 0. 809 12.3
Inception-V3H" 37.19 0. 822 16.1
ResNet50-Weather  36. 01 0. 839 15.7
AR SCT7 21.55 0.923 9.6
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Table 3 Results of ablation experiment

A Y ) 2% RMSE v R-square 4
EfficientNet-B0 (JTX4) 55. 31 0. 651
EfficientNet-B0 ("F4) 38.23 0.817
EfficientNet-BO+FG-1(K %) 27.23 0. 849
EfficientNet-BO+FG-2(K %) 26.97 0. 854
EfficientNet-BO+FG-3(K %) 26. 43 0. 861
EfficientNet-BO+FG-4 (K 4) 25. 56 0. 869
EfficientNet-BO+FG-5 (K 4) 24. 37 0. 877
EfficientNet-BO+FG-6 (K 4) 22.73 0. 899
RITTECRLD 21.55 0.923
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SRI5 3 3% F Inception-V3,ResNet50 1 ResNet50 +
Weather Z Pk BRBLAF 1Y 515 15 7 SCHR 1 A8 46 T 3 32 X 3
8 M IR AT R T, 1 57 R 7 PRI AR A6 AN [ A U0 555 9 1 45 31
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Table 4 PM, ; under different detection algorithms

(pg/m*)
. Inception- ResNet50 A
F1g  HSE(E ResNet50 LW i
B 5¢a) 13.0 12.0 14. 6 11.5 12.8
K 5(b) 28.0 22.7 30. 2 25.2 26.2
B 5(e) 62.0 69.1 71.7 68. 4 57.8
K 5(d 85.0 80. 7 91.5 92.0 89.5
& 5(e) 119.0  136.7 138. 4 108.8  120.7
K’ 5(H) 167.0  139.4 199. 2 184.2  156.8
B 5(g) 228.0  262.9 198. 1 186.4  217.4
&l 5(h) 508.0  403.7 600. 3 584.9  542.9
5 &% e

J T AR AR PM,, R BE R I A BV R 1 L 4R
T —FhaELE 2 WS B R EGRR AR IZ AR 1 A SRR A
77 R EfficientDet-D0 by 3 W 4% X K< B 5 45 4F 1t
A7 gt , I 38 3 B 04 FRAE 72 AL B B X AS [R] RUBE (9 181 4%
FE AT BB ML 38, d5 KRR B I B T B0 R AR A5 )L B AR
BT T Rz A BE Jr . TR, 45 A TR R B R L XU, R
RO GRS Z S L ME B S B RRE AT Rl &, 4 3
PM, , W5 2 P55 B 22 6] (4 5 28, 2B T O v A
R HE R 2 ST A . SC0 25 R R, A SCHE Bk
5 JURD 50 23 S &R DU AR A BE T LR oA A G
W25 59 PM,, WREE, 76 3K 4 15 $1) RMSE Al R-
squared 4354 21. 55 pg/m® Fl 0. 923, 14 fh LKt 18 1E T
Pt A G B B B 3 A A e N A A e 1 A A N O
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Visual detection sample
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