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Soft Sensing Method of Dioxin Emission in Municipal Solid Waste Incineration Process

Based on Broad Hybrid Forest Regression

XIA Heng"** TANG Jian"** CUI Can-Lin"** QIAO Jun-Fei**?

Abstract Dioxin is a trace organic pollutant emitted from municipal solid waste incineration process. Limited by
the complexity and high cost of relative technology, the big time delay of dioxin emission concentration detection
has become one of the key factors restricting the optimize control of municipal solid waste incineration process. Al-
though the data-driven soft sensing model with the characteristics of low cost, fast response and high precision can
effectively solve the above problems, the dioxin modeling method must fit the small sample and high-dimensional
characteristics of the modeling data. In this paper, a broad hybrid forest regression soft sensing method is proposed,
which consists of feature mapping layer, latent feature extraction layer, feature enhancement layer and incremental
learning layer. Firstly, a hybrid forest group composed of random forest and completely random forest is construc-
ted for high-dimensional feature mapping. Secondly, the latent features extraction of the fully connected mixed mat-
rix is carried out according to the contribution rate, and the information measurement criterion is used to ensure
the maximum transmission and minimize redundancy of potential valuable information. Thus, the model complex-
ity and computational consumption are reduced. Then, the feature enhancement layer is trained based on the ex-
tracted potential information to enhance the feature representation ability. Finally, the incremental learning layer is
constructed by using incremental learning strategy, and the weight matrix is obtained by using the Moore-Penrose
pseudo inverse. The experimental results on high-dimensional benchmark and dioxin datasets of municipal solid
waste incineration process show the effectiveness and superiority of the proposed method.

Key words Municipal solid waste incineration, dioxin emission modeling, broad learning, broad hybrid forest re-
gression, latent feature, incremental learning
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MSWI Il [ R A e Municipal solid waste incineration
DXN T Dioxin
HRGC/HRMS AT RO R R EE F High-resolution chromatography combined with high-resolution mass spectrometry
NN P 45 Neural network
PCDDs/PCDFs ZE IR ER ) 2 W ORI Polychlorinated dibenzo-p-dioxins/Polychlorinated dibenzofurans
BPNN S TR A A 2 X 4% Back-propagation neural network
SVR B ATk A Support vector regression
SEN JEPR SRR Selective ensemble
RF BEHLARAR Random forest
DFR IREERRAR A Deep forest regression
BLS W R G Broad learning system
BLS-NN A 48 55 T2 2] RGE Broad learning system neural network
BHFR i B VR A AR AR [E Broad hybrid forest regression
CRF SEAFENLARIR Completely random forest
MSW I [ % Municipal solid waste
TEQ Y E Toxic equivalent quangtity
G1 1 Gas 1
NO, REND) Nitrogen oxides
HCL FHE Hydrogen chloride
HF AE Hydrogen fluoride
SO, AR Sulfur dioxide
Pb =13 Plumbum
Hg K Mercury
Cd il Cadmium
G2 A 2 Gas 2
G3 3 Gas 3
RSM B AL 4% [a) 95 Random subspace method
PCA ESN Ve Principal components analysis
MI HiER Mutual information
CT CT V) A b nAR s hr B The relative location of CT slices on the axial axis data
RB [Ectesii ¢/ Residential building data
NIR [CRABURAR b w2 & ] The orange juice near infrared spectra data
RMSE YRR 2 Root mean square error
MAE SRR 22 Mean absolute error
R? B R Coefficient of determination
DFR-clfc H T R AT AR A Deep forest regression based on cross-layer full connection
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Process flow chart of municipal solid waste incineration process
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Table 2 Statistical results of experimental datasets
HAnte  SEPRREAE KRR FHIEERL
MEC UIZE R W4
NIR 218 109 55 27 27 700
CT 583 117 59 29 29 291
RB 372 124 62 31 31 106
DXN 141 141 71 35 35 116

2w, CT ) Bl SR A0 2l A0 A R
H UCI ¥ & # 4 =T 8 i 21 70 ' 1% 4 42 U
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# 3 NIR HUR&ESLImAE R
Table 3  Experimental results of NIR dataset
- BeE RMSE MAE R?
Jiik 6 . N » .
SFEIME 7 FHIME i 7 EIE g
Y ZhsE 5.7142 x 10° 2.1347 1072 3.8799 x 10° 9.4469 x10~3 8.1131x10~ 1 9.2887 x10~°
RF LA S 1.3522 x 10" 1.3660 x 10~ 2 8.3125 x 10° 7.2473 x1073 2.6715x107 1 1.6048 x10~4
A 1.0925 x 10t 3.2313x1072 8.1093 x 10° 1.7493 x10~2 3.0986 x 101 5.1625 x1074
PIIERS 5.8836 x 10° 1.4331 x10~3 4.1004 x 10° 6.1766 x10~4 8.0007 x10~* 6.5971 106
DFR LA S 1.3585 x 10* 3.7257 x1073 8.3057 x 10° 1.5854 %1073 2.6036 X101 4.4251 x107°
A 1.0842 x 10! 1.4742 1073 8.0306 x 10° 1.8258 x10~3 3.2046 x 10~ ¢ 2.3176 x10~°
PIIERS 5.7742 x 10° 1.7160 x 102 4.0139 x10° 9.6271x1073 8.0735 101 7.6485 x 102
DFR-clfc IOEAE 1.3569 x 10* 3.1520 x10~3 8.3265 x 10° 1.3592 1073 2.6219 x10~ 1 3.7318 x10~°
A 1.0793 x 10t 2.5668 x10~2 7.9746 x10° 3.3925 x1073 3.2664 x10~* 3.9879 x10~°
Y ZhsE 7.4226 x1071 3.7588 x 10! 4.6530 x10~! 1.5602 x107* 9.9476 x10~* 3.2486 x10~°
BLS-NN IOEAE 7.8288 x 103 4.9487 x107 2.5450 x 103 4.6180 x10° —4.3402 x10° 7.2220 x 1011
A 6.4945 x10° 1.4866 x107 2.1689 x 103 1.5496 x 106 —3.2544 x10° 8.9669 x 1010
PIIERS 2.8931 x 10° 5.5126 x 101 2.1335 x 10° 3.3004 x10~ 1 9.4864 101 6.0585 x10~4
BHFR IOEAE 1.3782 x 10" 1.7263 x 10° 9.2584 x10° 6.5031 x10~ 1 2.3224 1071 2.1525 x10~2
MitEE 9.9505 x 10° 5.6804 x10~* 7.3675 x10° 2.4515 %107 ¢ 4.2455 10~ ¢ 7.3749 x1072
F 4 CT HIRELIRS,
Table 4  Experimental results of CT dataset
. s RMSE MAE R?
WIRES % 3 . N .
EIE T T g FIE %=
PIIERS 1.5839 x 10° 1.2389 x10~2 1.2676 x10° 6.1900 x 103 9.7215x 101 1.4862 x10~°
RF IOAIFEE 1.8907 x 10° 2.2323 x1072 1.4978 x10° 1.4923 x10~2 9.5761 x10~ 1 4.2488 x107°
S 2.2138 x10° 3.6173x1072 1.8254 x10° 2.1898 x 102 9.5706 x 10~ * 5.3991 x10~°
PIIERS 4.1046 x 10° 1.3520 x 1073 3.4579 x10° 9.5891 x10~* 8.1383 x10~! 1.1086 x10~°
DFR Lioane S 4.1864 x10° 1.2940 x10~3 3.5658 x 10° 1.4003 x10~3 7.9338 x10™ 1 1.2646 x10~°
S 4.8124 x10° 2.1197 x1073 4.2219 x10° 1.4647 x1073 7.9851 x10~ 1 1.4815%x107°
PIIERS 3.7411 x 10° 4.1351 102 3.1392 x 10° 3.2494 x 102 8.4491 x 101 2.8032 x10~%
DFR-clfc Lioane S 3.8251 x10° 3.9698 x10~2 3.2193 x 10° 3.5889 x 102 8.2708 x 101 3.1969 x 10~
S 4.3811 x10° 4.9342 x1072 3.8122 x10° 4.5453 1072 8.3262x107 ¢ 2.8693 x10~*
PIIERS 1.0447 x10~7 4.7677 x107 15 4.1145 %1078 5.7001 x 10~ 16 1.0000 x 10° 7.4604 x 1032
BLS-NN Lioane S 2.5527 x 10° 6.9348 x10~1 1.7606 x 10° 2.0416 x 101 9.1542 101 3.2479 x1073
S 2.9466 x 10° 1.3019 x 10° 1.8882 x10° 4.4686 1071 9.1371 x107* 3.5944 x1073
=S 4.4458 1071 8.4237 x1073 3.7023 x10~! 4.5597 x 1073 9.9773 x10~! 1.6195 %1076
BHFR Lioan S 9.5728 x10~ ! 1.3354 x10~2 7.4450 x 1071 6.1644 x10~3 9.8905 101 1.0451 x10~°
MIRRES 9.3108 x10~* 1.2802 x10~2 6.7034 x10~* 1.2237 x10~2 9.9235x10~* 5.1917 x10~°

5 BHFR #H47xf . 2801884 1) RF, kK
B SR A AE AL Noamples N 3, RSM FFAE 1B 5
BN VM, PR R Nyee ¥ 5005 2) DFR,
YRS T 25 I MR AR EL Namples N 3, RSM HFAIE
PR VM, PR IR Nyee N 500, &2
H RF 1 CRF # Y (#& Npp M Nere Y94 2, S
JEHEE N 50; 3) DFR-clfc, YL 5 dife /M

AE Neampies 9 3, RSM FFIELE FACE N VM, H5K
W HIECE Niee 9 500, B2 RF Al CRF 224 (%
& N M Nere 8709 2, BEEBCE N 50; 4) BLS-
NN, FHET BN, A 5, ST SN, A 41,
LR N, N9 MIENAESH Jy2-30. BkTs
VEAEAR A 2 A N B 20 (R, H G g AT
M th £ a2k 6 FIE 13 FioR.
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Table 5  Experimental results of RB dataset
. . RMSE MAE R?
i At FHME T % FIE T A T %
YIgrtk 5.3243 x 10" 3.7463 x 10° 4.2919 x 10! 2.4224 x10° 8.4698 x 10~ ¢ 1.2156 x10~4
RF LAl S 1.3211 x 102 6.6035 x 10° 8.1855 x 10! 2.9950 x 10° 5.3824 107! 3.2140 x10™*
A 7.5697 x10* 4.3622 x10° 6.0986 x 10" 2.7466 x10° 7.0126 x10~* 2.7457 x10™*
YIgrtk 4.8752 x 10" 1.4944 1071 3.9200 x 10t 8.4396 x 102 8.7185x1071 41370 x10~6
DFR UisaTIie S 1.2600 x 102 1.6487 x 107! 7.8890 x 10* 1.1939 x107! 5.8012 x 1071 7.3315x1076
A 7.4221 x10* 3.1170 x10~ ! 6.0387 x10* 2.4493 107! 7.1299 x10~* 1.8723 x107°
YIgrdk 3.0978 x10* 2.6657 x 10! 2.4856 x 10! 1.7056 x 10* 9.4690 x 10~ * 3.4386 x10~*
DFR-clfc LAl S 1.1830 x 102 4.9405 x 10° 7.2901 x10* 2.7676 x10° 6.2977 x10* 1.9820 x 10~
A 6.9427 x10* 1.7460 x 10° 5.5570 x10* 2.1741 x10° 7.4879 x10~* 9.2839 x10~°
PlIER S 9.4877x 104 4.8003 x10~¢ 4.3563 x10~% 7.7161 x10~7 1.0000 x 10° 1.1561 x 10718
BLS-NN UisaTIie S 5.0098 x 102 1.3099 x 10° 2.6163 x 102 2.6950 x 10* —8.9285 x 10° 1.6631 x 102
A 5.2093 x 102 1.5354 x10° 2.8934 x 102 3.2539 x10* —-2.0737 x 10* 9.3226 x 102
YIgrdk 8.4893 x 10° 6.4125 107! 6.4970 x 10° 3.1874 x107 ¢ 9.9608 x10~* 5.6404 X107
BHFR I0IE4E 9.9275 x10* 2.2922 x10° 5.4880 x 10* 1.0407 x 10° 7.3930 x 1071 6.3926 x10~°
RS 4.5645 x 10" 1.7188 x10° 3.2284 x 10" 9.0105 x10~! 8.9137 x107! 3.8975 x107°

6 FIE 13 AT40, 1) RF ZE %5 S A
R RMSE. MAE #1 R2 1845 A G 1145 510
T DFR, {HERE Y448 55T DFR; 2) DFR Al
DFR-clfc fE@ RS % L5 RF £, [Fn @ sifa e
PEEIFF RF, Hod DFR-clfc ZE Y25, 5 iE AT
LR NS & T DFR, {H DFR [ 5E 5 475 3)
BLS-NN X Il 2R a0 7 B B )it &, HAese
WEANREE Th 7z ALt e f AR e v BRI IR 22,
B BLS-NN X U@ A T A SO H i B 5 Tl i 72
I /NBEA B 4B 4) BHFR 7E IR 5E 7 ) RM-
SE. MAE Al R? fe b 3AME e it 45 R i fk:, 52
EME ST DFR, £1 BHFR HA BRIFriz kit
RefIRE e M.

25 BRI DXN FONE s R A BHFR
AEAHWAM RF. DFR &H @R DFR-clfc B4
(5= 2168 77, [ PE DA by s ng B Ao £ s
RIS AL 58 T RF. DFR. DFR-clfc Al BLS-NN,
PRI T HAEREE DXN Bl SAs 20 v ) B AR 95
AR B 2 E i
7 RF. DFR. DFR-~clfc 1 BHFR # %! 1 5% H
(1) SRR SRV 35 9 — XU, i S TR e SR SRV ) B
6] 5% BE AT R IR AN Orree (M x N x log N) (— ANk
SRS IS 8] B 42 B 1E N Orpee (#Tee) ), Horp M
FoRBIR 4SS, N RoREBIE AR, T
ZREARTY ) R EEE MRy, FRA T SR S
INFIA) 52 2

3.4

1) RF PRI ] 52 2% B2 Ay
Trr = OgrF (Nyee X #Tree™) (41)
A, #Tree* = Mrsy X N X log N, Nyee 778 RF
(1 e A BB (— AN ARARAEE AL (1 N [A) 52 R BT A N
Orr (#Forest) ).
2) DFR I 8] 5% FE 9
Torr = Opgr ((Vrr + Nerr) X
Layers x #Forest) (42)

A, Nep M Negp Ron B2 RF ALV CRF 5
RIHE, Layers %o~ DFR B IR .
3) DFR-~clfc [FI A1 R 24N
Torr = Oprr((Nrr + Ncrr) X

Layers x #Forest™) (43)

N, #Forest® = #Forest x B, B NFRMIEI G
FE ) Z 40, % 2R 5 R R 2 B 5 0 R B e
4) BLS-NN [ [8] 52 2% B il 2R 9
Tersnn = OpLsnn (M x N X (N, + N.) x N,,)
(44)
Kb, N, FRORFHIET R, N, RO 58T S8
B, N, TRENN R RmE o e,
5) A3 BHFR HIR AR 2% N
Teurr = Opurr ((Groupy + Group i+
Groupp) X (Nrr + Ncrr) X #Forest™)
(45)

A, #Forest* = #Forest x a, o KRR E
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Table 6 Experimental results of DXN dataset
. . RMSE MAE R?
Ak R e P~ o I T I
S 1.1159 x10~2 5.7497 x 108 9.0221 x10~2 4.0684 x10~8 8.5346 x 10! 3.9360 X102
RF Ui 2.0051 x10~? 1.8026 x 1077 1.4677 x10~2 8.2255 x10~8 5.0196 x10~* 4.3515x10~4
ML 1.6922 1072 1.6150 x10~7 1.3548 x10~2 8.9520 x10~8 5.9001 x10~* 3.7817 x10~4
/[0S 1.1493 x10~2 8.7413 x10~° 9.4568 x 102 4.6626 x10~° 8.4463 x10~! 6.3663 x10~°
DFR Ui 2.0735 x10~? 9.7835 x10~° 1.5780 x 102 1.1121 x10~8 4.6759 x107 1 2.5813 102
ML 1.7791 x 1072 1.7308 x10~8 1.4608 x10~2 1.5235 1078 5.4701 x10~! 4.5066 x10~°
S 8.0852 x 1073 2.9078 x10~¢ 6.6040 x 102 2.0819 %106 9.1986 x10~* 1.1887 x1073
DFR-clfc Ui 2.0187 x10~? 1.4562 x10~7 1.5626 x10~2 2.3355 108 4.9520 x10~* 3.6404 x10~*
ML 1.7025 x 1072 1.5755 x10~7 1.4068 x10~2 6.0233 x10~8 5.8501 x10~! 3.7843 x10~4

Pl 1.2924 x10~° 1.5756 x 10718 9.5358 x 1010 7.2150 x 101 1.0000 x 10° 8.2358 x 1029
BLS-NN Ui 6.8845 x1072 7.0040 x10~* 5.3153 x10~2 3.3474 x107% —5.6928 x10° 3.7799 x 10!
ML 7.8396 X102 6.7692 10 6.0922 x10~2 4.1785 x10~4 -8.7153 x 10° 4.7630 x 10*
Pl 6.0665 1073 1.6330 x10~8 3.9665 1072 8.4708 x10~° 9.5669 x 10! 3.3481 1076
BHFR Ui 2.1551 x10~? 3.5181x10~8 1.2384 x10~2 3.5083 x10~8 4.2484 x1071 9.8731x10°

AR 1.6189 x10~2 2.2474x10~8

1.1226 x10~2

1.0102x10~8 6.2491 x10~* 4.8607 x107°

FEMARTH o <1 (BIEFHETRIUZ M 4EEH
o ARRE 3 i )2 RN B2 5 2 I N RFIE 4500 3
WIN).

2 (41) ~ 30 (45) AT, BHEFR B A 5 %%
J& Tourr Bt /NTAEGUIR SR /772 DFR Al DFR-
clfc # Toprr 1 Toprocite, BIARXS T 18 42 i v BH-
FR 7E 0 B A & B A B 2%, M T BLS-NN
715 TaLsnn, BHFR FIS 0] & 4% B i ey, 8 2L
JRPRAE T8 & BRAR AL N 7] 5225 & O (#F orest) %2
TR, Wk, #EB ERRE EEA
PR RURE FE (1175 60 T P&k BHEFR [ (8] 52 2% .

3.5 BEHERMST

Nk — %t A BHFR 34T PEBE VP4, A5 %)
TR T SR AME A BT Namptes ~ RSM FFAEIE £
O Mrsw ~ VSR IREUE Nyee ~ TRA AR 2L
T Nrorest ~ TETERFAE TUBR R BIAE n « BAF B ME ¢ F1
IENALSH N\ S S B0 AT BUBE o, Rk B X
[HWZR 7 fios.

SEB0 AR R DR 3R A3 B R R ISR B —
ZHUAE RN, MRREER R? SEa6 4k FunpE 14 Fow.

& 14 740

1) GRSEAI T P 5 IMEAEL Noamples- W 14(a)
BT, o AR bR 28 7R ¥ B T A5 B /N BE AR 3
Naamples (BEAEHE 46 RS AL AR K FE AN ], 152 2L IX )
FENLER 5), PAARFR RN R RE VPR Fa 0% R2. B
% Naamples FZHTHE K, NIR. RB fll DXN $#i 4+

(1) R2 B8R /N, 3% B HURH X /N B Naamples A5 78 1)
APERER AR, R M2, 78 OT Hdsderh, frd
PEREANSZ Naamples ZZAHIFEM, B2 e S 0 2 —
ANHRAT AU (BD Noamptes 56 T IR ASCR), WAL
BAAEF IR AL RS, AN, A EEHE SExT BH-
FR BB Nomples FTHURFE B B A 2 5 1%, R,
¥ Naamples BETE [3, 10] SN EIE.

2) RSM HHIFEFEH R Mysv. WK 14(b) AR,
HBEARFR R W B RSM B AE I R Mysu (BF
ANEHE SRR AL bR KA, W E XA LR 5),
PAALAR RN BT I P RE PR PR AR R2. 4 Mpsw 3G 1N
i, CT fl RB £l 4 71 16 R? 13U A8 K5 PR AR5,
NIR 1 DXN ##EE i R? th 4 A B E
GiaH. AT, NIR I DXN FdR 4% My (K5 E
FONBUR, CT 1 RB #0454 H % IR U D FR1E R
AT S R B AR R 1) A A 2
I, Mpsy BEE N R ERFERCE T 1/10, 7] 30
ABETRY [T R 1] B AR FIZ A 14 .

3) RIE I EE Neo. W 14(c) FTan, HABE
ALFRFR TN T B ISR BB Nyee (BN EHEEE )
BEALFRKERIA 5 ~ 100), AL FRFR R KM e
M FEFR R2. BEAE Niee BB N, CT. RB Al
DXN HE & H 1) R? @A S Ha, NIR HdE &+
) R? FARAL ZNBCNE . w40, £05%F CT. RB A1 DXN
b 4, W SO B R A I s e A0S e s
(1) R S S A B AT PRAIE AR B P R DR UL, 4 Nigee 1
BN 40, AR E F T AN R SR S I AR R K.
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TRIEE ARSI ot 5 22T 2 AR PR ) Table 7 Super parameters and interval setting of BHFR
2;3 WAEESY %2 NIR CT RB DXN
A
0.08 B Namples  [1, 55] [1, 59] [1, 62 1, 71]
0.07 FEAREL
o 0061 R};ggg Mgy [L,700]  [1,291]  [1,103] [, 116]
H 005} PR My [5,100]  [5,100]  [5,100]  [5, 100]
& N
0~04.' _. e E‘gg B o [5,100]  [5,100]  [5,100]  [5, 100]
222 %ﬁgﬁﬁﬁ no 7 041 (0741 (03,1
0.01 % AR EBE ¢ [0.65,0.75] [0.75, 0.85] [0.72, 0.8] [0.68, 0.76]
oA u X N ey ) EMESE A o1 fort 1) [ort 1 (01 1]
10 20 30 40 50 60 70
© Do D 4) B AR ARAL I Neows. 1078 14(d) BT,
(a) DXN training set HRE A AR RN W B TR A AR PR Neorest (57
B TR NS BARERK ER A 5 ~ 100), RABRE R
0.10 - — IR I PE RSP SEBR R2. BEH Neoresd HOSEIN, %55
0.09 PRI RERINE B SN Nyee FH—E WTH1, Nrorest
0.08 I E A EIE K, HARE Y iz A v e e A
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() S o s KRR ) B2 LEHEE n — LI, tBLR R ME (8P
THRE o B IEE AR FERIVERE IR %), TR, ARSCTT AR 2 8 (MU=
i BT v TR PRI AR, I, K BN 0.9, AT R %%
0.12 y EE R T TERHIE, 1T PR UE ARG
010l 6) A= BB ¢. Wi 14(f) fow, HRE bR
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AN, BB X B VE LR 5), AR R A 1 1 B F* A1 DXN HHRERSETEGE (8:K)

PR FE AR R2. B N BT A2 /N, NIR. CT. RB Table A1 The process variable information for
DXN B 45 1 514 2 D 2l 07 18K o B R 2 DXN datasets (continued table)
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