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Abstract: To address the enhanced matrix effects and intensified nonlinear spectral responses caused by
the difficulty of grinding large-particle coal in industrial settings, this study proposes a hybrid PLS-AE-RR
predictive model based on the fusion of near-infrared spectroscopy (NIRS) and X-ray fluorescence (XRF)
spectra, aimed at improving the accuracy of on-line calorific-value analysis. The method implements a
three-stage hybrid framework --linear baseline + nonlinear feature extraction + residual correction--
where partial least squares regression (PLS) first models the global linear relationship between the fused
spectra and calorific value; an autoencoder (AE) then extracts low-dimensional nonlinear representations
that PLS cannot capture; and finally ridge regression (RR) fits and corrects the nonlinear residuals. Exper-
imental validation using 153 blended coal samples from power plants demonstrates breakthrough perfor-
mance in calorific value prediction for large-particle-size coal. On the test set, determination coefficients
(R?) for lignite and bituminous coal reached 0. 974 and 0. 938, respectively, with mean absolute errors of
0.233 MJ/kg and 0. 216 MJ/kg. The proposed method significantly outperforms standalone PLS and al-
ternative nonlinear correction models, confirming the generalization advantage of ridge regression in residu-
al fitting. Consequently, this achievement provides a grinding-free, high-precision online analysis solution
for raw coal calorific value in coal-fired power plants, offering critical technical support for refined fuel man-
agement and operational optimization.

Key words: spectral analysis; NIRS spectra; XRF spectra; calorific value prediction; large-particle coal

samples; nonlinear correction; autoencoder

[Fi) B 2 w8 1 A4S A T I0 )  R  die 2 Xo HE & A E T
WY 2405 AR 25 0 0. 289 M/ kg, - 1 4 Xof 1% 25

1 3 =

AR AR IEE i T A AL TR I 5 AR R B A 11
JE 3 B T H 28 ™ 09 I O HE AR
I R AR AE ARG 40 Ak 5 R REAR L Y, Bk
S HL TR RS K R A AR EER o A% e B B A
BT R T2 SR S 30 28 B 2 A 0 3% )y ¥ T R
FEFEAT WRE | Tl by 55 5 % il Ak B, 48 A i R B,
FEIN A, HLAF 72 B S A 30 i P, e L R I | o
b 2T RSB B S R AR

AR R , FE TG B (Y P R o3 B T
RN TR R, EEAEEOLE S & OIS
Induced Spectroscopy,
LIBS) i 21 4P 3% (Near Infrared Spectroscopy,
NIRS) K X 5} £k 2¢ Y6 ) 1% (X-ray Fluorescence,
XRF) 45 B — i B H AR . Xiong 45 3L F LIBS
AR, 454 F 43 43 Hr (Principal Component
Analysis, PCA) [ 4 5 60 5 00 A6 S 15 0] 15 1] )5
(Particle Swarm Optimization-Support Vector Re-
gression, PSO-SVR) 51, 78 ik 2 45 7Y 11 55 8 1

(Laser Breakdown

0. 231 MJ/kg, I H X Bl 07 15 53 %5 K 53 AR &
A3 T A SO AR LA B AR . Gao ZE R 3L T
NIRS 5 XRF 84l & 4 I £ AR , 38 i NIRS ] 4
5 B IE KOG B9 C-HL N-H %5 A HL4L 4, XRF £
5 B AH £ M 5 B9 Na, AL Si %5 CHLIC &, 45 &
i e /N — 3 (Partial Least Squares, PLS) #4Ak -4}
BT AR AL, S BT e R Y v R R A O
LI AR 19 3 77 #2122 (Root Mean Square Er-
ror of Prediction, RMSEP) 4 0. 71 MJ/kg . F
F XF % 22 (Absolute Relative Error, ARE) f
1.18% . #5 i i 2 (Standard Deviation, SD) N
0.07 MI/kg, £ W48 by X0 & B ZhnfE gk o Li
4R NIRS-XRF fili & 6 il AR, e I PCA
t 43 A B HLAB Bk ik A (--SNE) AH 25 & 247 7T ¥ Ak
55725, FER) H 3CHE m) & AL (Support Vector Ma-
chine, SVM) SZ 81 H gl H , 35 2 Ry AN [] S5 b 4
S M Fe 7 3 18] (Partial Least Squares Regres-
sion, PLSR)FH5Y , Xf JK 73 4% % 43 FR 3 1) Bl



5 3]

Tr— W, 5 ST LLAN-X B AR A e 5 3R AP 2% B AE 19 KL BE A PLS-AE-RR Ui 20 367

W R? 43 5135 % 0. 998 7,0. 995 5 F10. 999 7, Fi il
7 MRR 25 R o SRR AR 1K 40 %6 DL 1 $E T
TR A BRI SN EB  Br A L AR, X
B )y 50 R ER R FEBE S =20 0. 2 mm H FE R
FrBURY X AE Tl 3R 0 v T B ] A A i 4t
T 50 B A, AT 2 ] AE RS I 4 i
Gy RO BS A5 35 26 5] Rl N T R E 2R
PR T s AT e SRk R AR . I RR
A% B X RORE B T A O 1 A T B R — 2 X
I W 5T R AR

AR TRy, R o JRE R A DI 1 ) kv 25 5
AEZARERER, R K &80
I RS AL 7R NIRS I & v, J0RL B 184 K
2 8 5O HON RN, T SO 2R AL R AR £ 1
B Begum ATV SY IR A T OB R /NG 4 Bl
SR R B UM R R s T R R ) A O 21 4
(350~2 500 nm) PG 1% F#AE 19 52w, BIF 5T R WY,
Bifi % RERLBE AN 1 000 pm P/ & 74 pm , KERE Y
SIS AR N 61 %, HOGG L A
F I ok B 25 40 Ak & 44 pm LR, RS
AR AN T S 3, 0] UKL BE X AT 1 A0 G 1 B 5
SARZ R . FE LIBS HAR v, KUK 25 5 ) 45
B RmRENSESEEME ", ME XRF I
o RERE R TR A MR S0 HE S s s 0 U e P
KA B, Bl R PO R B A AR A R 2%
Zhang % 1oL BOS HE S 5K UE, B T
XRF 5 i 55 00 5 BE 2 22 0] 47 78 3 i JE et ¢
F,BERERLRE B, G 3 T R AR 3 R R
14 D16 i A 2 280 5 ol A5 A% 9 A M A 2R
SEERE bR AR R T L E KR R R
B EWE R, B A ST N BOR LS W58 O 12 ik
IR . Yin %085 4 4y BB AL (Segment Any-
thing Model, SAM) 5 3¢ Transformer(DeiT),
EHT T 1 mm R AR R R A3 R 2 Y DG B
K 3 T 1) A v D 22 5 38 O R R 22 B RE AR
22 % , MR AL 31 5 T g 2 > HOR (04 il G A 3801 59
T WK GORL EERON o 1%y i R L (A
e AR B AS R B B ) R, L H G AR
(fn 6 mm ) (438 A 08 A 7T

EE X DAL 1] 8, A BF 5 40T J Ok B B R O
B | o RPN S i R L LB S R A R M
X SR 92663 fil A (9 PLS-AE-RR B A 2 R AE

B ZTJTIE DL PLS # T e PSS B A g i 2
AE A 3 #& Bl 56 1k i R JZ AR R AL, OF
P —25 % e [ 15 (Ridge Regression, RR) X} £k
PEASE Y (4 5% 22 DEAT RS EAS IE o Gl G BT X sk
55, 50 GE T 45 5 VA AE 0~6 mm IR G B AREAE X
PIAEFE b 00 T 1R RE TR A BRSOk B
SIBAT A SR AL —Fh R B B AR E M Y TE 2R 4y
r B

2 % B

2.1 XWERE

A B % B9 NIRS-XRF 1 F 7 28 B F 43
Mrae B 1R, R I AME AL X 5
LR 9 6T A HL AR A% 16 A5 e 335 404 1

Computer

Spectrometer

X-ray tube )
SDD | Integrating sphere

Pressure roller | 0
»

Conveyor belt

BT R R 5

Fig.1 On-line coal quality analysis system

NIRS #% £ fit 4 3T 21 4h )6 3% 1% (AvaSpec-
NIR256) Fl #2533k JE Ot I (AvaSphere-50-LS) ,
6 B K R 360~2 500 nm, 6 3% AL RN
1 000~2 500 nm , 4> #F K K 4. 4~85. 0 nm.,

XRF # He 41 6 & & # IR (SPELLMAN,
MNX50P50) | £ 8 X 5 £ 4 (VARIAN,
VF50]) i E R %0 #% (KETEK, SDD) & %7
Jik v b B o X R TAE & 448 30 kV/mA,
B 2R R R TR RS R E R 27 mm, R 2% R
SYHER N 133 eV,

R b AL 25 R B R T 4 m B2 L5 XU $8
B B S22 30 mm fH E JE B, J A IE AT
FE R 30 mm/s. il & Ak AR A NIRS R 43 B[] Oy 1
s, XRE B A Ay 3 s, BAURE 5l 4 A2 I B 29 4 min.
2.2 HEBINEIEWE
2.2.1 H&KE

AW 5T R ) SRR IR TP AR T



368 e K TR

34 %

ot M A 5 AR T 2K S I R T R R R o R
g, HORA AR B BRI R, 3831 153 4> K i
(KR TT A HHBE 76 4>) o BN RE bl B RN 29 08 2
kg, RLJE AN KT 6 mm. 32 HL SR AR AR X
WA 28 S WY RE I, AN [ A IORE R A HE B2 7 A 71
—E D . RG2S NIRRT 23 5
e BURR ML BERE HEAT 01 70 52 36, 4 2R AP 2 s
AT LAF Y, PR A B8R J3E O3 A 24 5 B 1 6 e
fiE, B RORIAR 1~3 mm BYR0RE R 32 B & B4R
I ARt HL T B8 o BT R IR S bR U GB/T
213-2008 (F 5 fE %) P E 45 o

50

[ Lignite e

gk [ Bituminous

30F

20+

10F ’—‘

0

0~0.2 0.2~1 1~3 3~6
Particle size/mm

P2 48 I SR R 3 A

Fig. 2 Particle size distribution of lignite and bituminous coal
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Tab.1 Comparison of results before and after applying first derivative to NIR absorbance
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Tab.3 Comparison of different methodologies for quantitatively predicting calorific value of two coal ranks
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PLS-AE-RF 0.942 0. 894 0.338 0. 268 0.392 0.336 2.354 1.559
PLS-AE-SVR 0. 940 0.909 0. 350 0.244 0. 400 0.310 2.420 1.419
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