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Abstract

Ozone pollution has attracted increasing attention. How to accurately predict ozone concentration
has become an important subject. Taking the hourly monitoring data of ozone at multiple sites in
Hangzhou as the research object, the correlation of ozone concentration changes at different sites
was analyzed, and a long-term short-term memory (LSTM) neural network model was proposed to
improve the LSTM ozone concentration prediction based on a time series delay correlation algo-
rithm. The model is compared with the traditional LSTM model and SpaceLSTM model, and the
results show that the proposed method has the smallest mean square error and the prediction
result is more accurate.
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Figure 1. LSTM gating model diagram
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Figure 2. TD-LSTM model flow chart
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Table 1. Hourly data information table of ozone concentration monitored by the station

=L R ENHNRERENRREESR

EﬂL l‘ﬂﬁ*fﬁ 1229A  1223A 1224A  1226A  1227A  1228A  1230A  1231A  1232A  1233A
i R
2019-05-31 23:00 61 63 27 88 40 53 63 90 38 38
2019-05-31 22:00 136 88 58 105 54 107 70 124 63 66
2019-05-31 21:00 146 162 141 114 64 148 130 163 102 73
2019-05-31 20:00 193 202 184 139 66 179 170 195 157 95
2019-05-31 19:00 203 213 185 202 122 197 205 219 191 118
2019-05-31 18:00 190 205 205 211 181 192 190 210 188 189
Table 2. Part of 1229A site monitoring data
2. B 1229A 3k s RO NS B4R
I} 1) B Pm,s Pmyo 0, NO, co
YT (ng/m’) (ng/m’) (mg/m°) (ng/m’) (ng/m’)
2019-05-31 23:00 74 105 61 118 1
2019-05-31 22:00 69 90 136 69 1
2019-05-31 21:00 67 88 146 62 1
2019-05-31 20:00 63 80 193 42 0.9
2019-05-31 19:00 56 70 203 37 0.8
2019-05-31 18:00 29 36 190 24 0.6
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Figure 3. LSTM loss curve after improved delay
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Figure 4. Comparison between predicted and true values
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Figure 5. Comparison of various model experiments
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Table 3. Mean mean square error value of 0zone (O3) concentration prediction
3. RE(OC)REFMFYHIREE
T LSTM SpaceLSTM TD-LSTM
BT R ZEE 21.858 16.392 12.205
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ARSTAE PR 5 2 A i S SR/ I U B 2 AT SRR LT . i/ e RS IR 2E, H ok
X RS/ I B AT max-min U AR ARER ;s SRR A%l S SRR L /N IS I I S 4 N B[R] ) S8 )
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