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computing structure consists of a computing layer and a compensation layer. The computing layer mainly undertakes the
fitting task, and the compensation layer acts as an error trace function. Because the computing layer always has an insuffi-
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Table 1 Performance comparison of different models.
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Fig. 5 The predictive performance of ETRC for MSO2 and MSO¢
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Table 2 The mean absolute error of the predicted results
at each monitoring point

MAE 8 min 10 min
Lap/I]
2
Hai3

M4

39K ETRC AR 5 F [m] A7 3 P 47 (auto
regressive moving average, ARMA), J& i 1% 1Y Chaos
K FE A 12 42 9 2% (long short-term memory, LSTM)
) 2 A5 — 3 A5 (encoder-decoder, ED) 5 B3k 47 %5} bt
S SEIG SRR, AR ETRCAR YN S S ]
Fr 4 Hdls 22 55 T A 25

N T B BIE ETRC A2 (1) T 5 3, B 9—

2min 4 min 6 min

0.0007
0.0029
0.0023
0.0034

0.0008
0.0036
0.0035
0.0042

0.0008
0.0036
0.0037
0.0074

0.0009
0.0035
0.0038
0.0072

0.0009
0.0034
0.0038
0.0073

1045 1 T ETRCH AL P 5 2 5 I FN R . 7T LA
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W 7 T 520 TN, TR PR AE T R0 A0 B A 451+ 55 =
MDA SR A A 5 R, A M BV el 2,
BE—IBIRAIE T ASOIHR IR ZEAME I A S5 R A R

& 3 35 L SRR L AR TR £ R Ay pbAk
Table 3 The comparison of prediction results of gas
concentration data in No.3 monitoring site

MAE 2min 4min 6 min 8 min 10 min

ARMA 0.0115 0.0214 0.0287 0.0358 0.0409
CHAOS 0.0106 0.0188 0.0264 0.0331 0.0370

ED  0.007 0.0123 0.0141 0.0150 0.0165
ETRC 0.0023 0.0035 0.0037 0.0038 0.0038
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Fig. 9 The performance of single step prediction gas concentration at monitoring point 4
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