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Table 1  Mutual information analysis of redrying process parameters

75 A hE HFE || B9 AF HiFE
1 336+354 ML FFE EIHE M kg 0.0654 | 20 TR DU X i/ <C 0.149 5
2 336+354 B FAEBERT R E A/ (kg - h™')  0.0040 | 21 TR TR AT 1 S2BRIF R/ % 0.000 5
3 A354 BB FFECAEMSE) Jif/ (kg - h™')  0.0020 || 22 TREFIX AT 2 SEPRIFEE/ % 0.000 5
4 A354 TR (AEM3E ) Bit kg 0.0710 || 23 T H X HEAMUAE (m* - h) 0. 000 4
5 ATKAY/ % 0.0629 || 24 THRA X R/ C 0.233 4
6 FHE— XX 1 SEBRIFRE/ % 0.0177 | 25 TS X HEARHLAGHE/ (m® - h7™") 0.0105
7 T — X KT 2 S2BRTTIE/ % 0.0181 | 26 TR 1 S2BRTFEE/ % 0.022 6
8 FAE— X HE RHLAE (m® - h™h) 0.0267 | 27 FHES KR 2 SEBRTFBE/ % 0.022 7
9 T — X I EBIREE/C 0.1111 | 28 TS X _EERIEE/C 0.075 7
10 FHE XK 1 SEBRITEE/ % 0.0194 || 29 BH XA AT/ % 0.117 4
11 T XRU] 2 SEBRTTBE/ % 0.0192 || 30 BEN T KPR T/ % 0.061 6
12 T X HEE AL/ (m® - b)) 0.0215 || 31 BHXEE(F)/C 0.1639
13 THE X RS/ C 0.0903 || 32 BH T IXIERE () /C 0.001 7
14 TR =X KT 1 S2BRIT /% 0.0451 | 33 B2 KA O KGTITE/ % 0.0855
15 FHE =T 2 S2BR TP/ % 0.0450 || 34 B 2 KRR/ % 0.085 3
16 A= X HERHL A (m® - h ™) 0.069 6 | 35 B2 K TR TP/ % 0.090 1
17 T = X FEB IR/ C 0.1284 || 36 BH2 KIREE( ) /C 0.004 9
18 THREPUIX AT 1 SEFRH L % 0.0662 | 37 BHI 2 KR () /C 0.216 5
19 T4 Y X HEE RABLATE (m® - h ™) 0.067 9
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Table 2 Predictive performance comparison of four

algorithms for cut tobacco moisture content

BY Ak MAPE RMSE R’ fist 6] /s
1 PLS 1.7673 0.2125 -0.7422 1.25
2 ELM 1.4285 0.1829 -0.2909 0.2269
3  OSELM  0.4397 0.0581 0.8697  10.6
4 ZAXEE 0.0877 0.0164 0.9897  10.82
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Fig.2 PLS algorithm: Predicted vs. actual cut

tobacco moisture content comparison
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Fig. 3 ELM algorithm; Predicted vs. actual cut

tobacco moisture content comparison
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Fig. 4 OSELM algorithm: Predicted vs. actual cut

tobacco moisture content comparison
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Fig. 6 Prediction error curves of four algorithms
(PLS, ELM, OSELM and proposed method )

for cut tobacco moisture content
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Table 3 Generalization performance of proposed

method under varying window sizes

ST R RMSE MAPE
10 0.984 3 0.020 2 0.093 2
15 0.989 7 0.016 4 0.087 7
20 0.985 6 0.019 3 0.103 7
25 0.985 3 0.019 5 0.103 1
30 0.979 4 0.023 1 0.107 5
35 0.986 4 0.018 8 0.087 4
40 0.981 1 0.022 1 0.098 5
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Fig. 7 Dynamic adaptation of forgetting factor
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Table 4 Proposed method performance

under different update ratios

THT LA % RMSE R?
0 0.201 -0.564
5 0. 080 0.753
10 0. 046 0.919
25 0.051 0. 901
50 0. 030 0. 965
75 0.033 0. 958
100 0.016 0. 990
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Abstract: To address the challenges in directly detecting the moisture content of tobacco strips (a key quality
indicator) and the significant delays in offline moisture measurements during the redrying process, this study
proposes an adaptive modeling method using an improved Online Sequential Extreme Learning Machine ( OSELM)
for real-time online monitoring of moisture content at the drying zone exit. First, domain-specific expert knowledge
and mutual information analysis were combined to select auxiliary variables most relevant to moisture content,
thereby improving model generalization while maintaining predictive accuracy and reducing computational
complexity. Subsequently, an OSELM-based modeling approach with adaptive forgetting factors ( AFFs) was
developed to address the strong nonlinearity and time-varying dynamics. The AFF strategy dynamically adjusted
according to process variations, significantly enhancing the soft sensor’ s online tracking performance under complex
operational conditions. Finally, validation using real-world production data from an industrial redrying facility
showed that the proposed method outperforms traditional soft sensing approached in both detection accuracy and
response time, thereby confirming its superior effectiveness.

Key words :tobacco strip redrying machine ;moisture content of tobacco strip ; mutual information ;soft sensor;online

sequential extreme learning machine ;online detection
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