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SADAE-MSViL: A hybrid prediction model for NOx emissions
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Abstract: NOx produced during biomass combustion in thermal power plants causes serious environmental pollution.
Accurate prediction of NOx emissions is crucial to reducing environmental pollution. The NOx emission prediction
model established based on traditional data-driven methods does not extract deep feature information sufficiently and
has poor robustness. To address the existing problems, a hybrid prediction model for NOx emissions based on flame
imaging. SADAE-MSVil., is proposed. First, a self-attention mechanism is introduced into the adversarial denoising
autoencoder to extract deep features of the image and effectively remove noise interference. Secondly, a multi-scale
feature fusion mechanism with a combination of scales of 8 and 16 is designed to fully capture the flame {requency
domain information of image blocks at different scales. Finally, by improving Linformer and integrating the gated low-
rank attention mechanism, the NOx emission prediction accuracy is improved while ensuring the operating efficiency of
the model. Experimental results show that the R® of the model reaches 0. 98 and the RMSE is 3. 0. The prediction
accuracy is better than other models, showing high robustness and reliability.
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Table 1 Model parameter configuration
LAY FoRFER B W PR it Ak 2 i
PN A - — — — (256, 256, 3)
ALY e — g=128; k=3; s=1 Rel.U h=2; s=2 (128, 128, 128)
L7 e — q=64; k=3; s=1 RelLU k=2; s=2 (64, 64, 64)
7% e — q=32; k=3; s=1 Rel.U p=2; s=2 (32, 32, 32)
L7 e — g=16; k=3; s=1 RelLU k=2; s=2 (16, 16, 16)
TS AY e — q=8; k=3; s=1 ReLU k=2; s=2 (8,8, 8
DAY e g=1; k=3; s=1 ReLU =25 s=2 4, 4, D
R d, k=2 g=8; k=3; s=1 Rel.U — (8, 8,8
T2 d, k=2 q=16; k=3; s=1 RelLU — (16, 16, 16)
T2 d, k=2 q=32; k=3; s=1 Rel.U — (32, 32, 32)
RS2 d, k=2 q=64; k=3; s=1 RelLU - (64, 64, 64)
T2 d k=2 q=128; k=3; s=1 Rel.U — (128, 128, 128)
RS2 d, =2 g=3; k=3; s= Sigmoid (256, 256, 3)
FIN 2 e q =128; k =4; s=2 LeakyRelLU — (128, 128, 128)
HI IR e — q =64; b =4; s=2 LeakyReLU — (64, 64, 64)
FIHN# e — q =323 k =4; s=2 LeakyRelLU — (32, 32, 32)
FINEE e — q =165 &k =4; s=2 LeakyReLU — (16, 16, 16)
FIANE e, — g =8; b =4; s=2 LeakyReLLU — (8,8, 8
HIHIES e — g =1; b =4; s=2 LeakyReLU — (4,4, D
J& - — Sigmoid — (1)
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Table 2 Summary of test conditions

MI§%Y 0,/ 1st/T/ 2nd/ Mean/ STD/

M (Vol%) (%0 3rd (mgem *) (mgem ")
1 21 24 4 339. 45 4. 65
2 23 24 4 385.95 9.3
3 25 24 4 367. 35 9.3
4 27 24 4 362.70 9.3
B) 27 21 4 311.52 9.3
6 27 27 4 376. 65 9.3
7 27 30 4 437.10 9.3
8 27 24 1 390. 60 18. 6
9 27 24 2 339. 45 13.95
10 27 24 3 348. 75 9.3

Ist/ T H—RHE S EHE T 2nd/3rd - RGE S
SRR M43 s Mean MAHAHF NOx FEY ik E;STD
NOx ¥ 5 brifE 2=,

2.2 EHIERR
T AT AN AR B A TR R RS AR SCR A T 3 AN PR 1R

Wit Wi 2
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Wik 10
7 AN TR ISR T R ke A 1 5

Fig. 7 Flame and temperature images under different test conditions
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4.2 SADAE th SA B B Rk 5 &0
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WATREG I A TR AR IF 4
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Table 3 Comparison of the position of SA in the

SADE model

SA i 'E MAE RMSE Time/s
KB SA 1.25 1.32 798
e & 0. 94 0. 94 853
e JF 1.03 0.97 847
e J& 1.15 1. 02 833
e, fle, Ji 0.79 0.89 907
e, flles J& 0.82 0.91 887
e, fle, J& 0. 84 0.92 882
ers e Mloey Ji 0. 80 0. 89 911
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KT, £ B M EHE T D F, KBS o 8,
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under different noise levels
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Fig. 12 Robustness test of the model based on feature extraction
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Table 4 The impact of ViL nonlinear gating

mechanism on the model

2 KB 4EE  MAE RMSE Time/min
64 2.45 3.33 106
FEL AT 128 2.22  3.00 118
256 2. 20 2.98 131
64 2.70 3.52 92
JE 4 Linformer 128 2.48 3.18 108
256 2.45 3.15 125
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Fig. 13 Linformer quantity comparison
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Table 5 The impact of image blocks of different

scales on the model

R MAE RMSE Time/min
8 2.56 3.50 89
16 2.68 3.62 95
32 2.97 3.88 98
8+16 2.22 3.00 118
8+32 2.29 3.23 108
16+32 2.35 3.48 102
8+16+32 2.18 2.98 132
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Fig. 15 Comparison of advanced models
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