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Abstract

Accurate prediction of concentration can reduce the occurrence of many health problems and im-
prove people’s quality of life. Most of the existing studies have established machine learning mod-
els or single deep learning models to predict concentration, and often only focus on the impact of
single factor and ignore the comprehensive impact of multiple factors. Based on this, this paper
adopted the method of combining one-dimensional convolution and long-term and short-term
network (CNN-LSTM), using the pollutant concentration and meteorological data to predict the
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future short-term single-day concentration, and the results were compared with a single LSTM
model. The results showed that the combined CNN-LSTM model has better prediction effect than
the single LSTM model.
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Table 1. Descriptive statistics of air quality and meteorological data in Lanzhou

F* 1 ZMHESRERENSKYEmA TR

Eizp P 1E RKME R/ME it 2
PM,s (ugrm ™) 41.04 657 10 271.77
PMyo (ug'm ) 105.92 3549 16 127.22
SO, (ug'm®) 16.13 75 3 11.10
NO, (ug'm3) 46.54 124 10 19.16

CO (ug'm™) 1.03 412 0.26 0.57
03 (ug'm™) 58.55 140 7 23.75
R E(C) 16.62 38 -7 10.24
BARIREE(C) 5.62 24 -16 9.42
R (m-s ™) 4.96 13.2 0 1.39
22. ARFZE

2.2.1. HEFRHZ ML (Convolutional Neural Networks, CNN)

BRI AEM [T R —MIREME ML, —REMAE. GRE. M EEEMHZE 4%,
BRI — RS T RE TR, A& E I TREAL, M4 T —A “HRE7 . MEA SRS “)5
ARBERE R CBUEILE KRR, AL T AR EERR IR ARRREE, dRE TR R E SR I RE ), fE—
SEFEE RRAAR T AR 2 N GRS A0 B B NS SO0 A 11 i) A
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Figure 1. One-dimensional convolution process

B 1 —#ERiERE

2.2.3. KHEHAIZIZMLE (Long Short-Term Memory, LSTM)

PEIRAPLE R 2% (Recurrent Neural Network, RNN)&— 35 LI 8] 2 51 A (0338 A F0 22 [R 24 [17] . DA
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Figure 2. Cellular structure of LSTM network
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2.2.4. CNN-LSTM £H & TSR

7 AL S CNN P28 F1 LSTM PIZ% 1 s, $2HH 7 CNN-LSTM ZH-& 2 [ 28 BE AR 1y, oA
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Figure 3. Framework diagram of combination model
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Figure 4. Parameter structure diagram of each layer of the combined
model
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Table 2. Correlation coefficient between PM and other air pollutants
2. PMs SHEXRSISEYIBIEX R
miH PMyg SO, NO, Cco O3
XA 0.87 0.49 0.49 0.55 -0.38

3.1.2. SRER PM, s RERFIE
HK, X PMs IR 5 AR EARBEATASCVE 3T, 85 R 3 Fivs. PMys 5 U5 B TAFAE— & HIAH
Kk, HA PMys S XGERIEMR KR, SHomiifZ. G AR 2R KR,

Table 3. Correlation coefficient between PM and meteorological factors
% 3. PM, s ERREZWHEXEH
i H R I IRAGIR ] A
KA -0.33 -0.42 -0.12 0.03

3.2. LSTM #&E&I & CNN-LSTM ZH & &R B TEL 4047
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Figure 5. The prediction effect of the two models
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Table 4. Prediction effect evaluation of different networks
%= 4. TEIMER TN RIS

A 25 RMSE (ug/m®) MAE (ug/m?) MAPE (ug/m?®) R?
LSTM 7.42 5.04 0.76 0.96
CNN-LSTM 6.98 4.82 0.74 0.97
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