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Fig. 1  Structure of SVR
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Fig. 2 Flow diagram of model building
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Table 1 Comparison of SVR prediction model with different

kernel functions for cellulose content

WH 2%

&P Zuizl  RBF  Sigmoid
i 0.0001  0.0001  0.0002  0.0951
PlES

0.9988  0.9989  0.9988 4.569x107
_ MSE 00195 00043  0.0005 0.0118
alAE

0.7596  0.7698  0.9714  0.7664
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FEIE g BT RTEHE Jy[ 27, 28], 45 3 T A 3 8 fe A
ZHCH g . SEEEBEWE 3 FR, Y log.e=—0.8,
log,g=—8, 124 ¢=0.5743, g=0.0039 A} 32 L EUEAY )
J7 254 fie/IME 0.0331, BEEHAY C AT g (BRI 753000 45
RS H . 41 2 25 5 o T00I0 A5 70 9)1] 25 25 2R
Bl da Ui, 0] & H ) 3 04 £F 2 25t T 0 A 7R o)
I 4E B3 77 2% MSE=0.0002, i 15 22 51K 5 4H ¢
ZHR=0.9988 , $U A BB
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Fig. 3 Parameter selection of SVR prediction model for

cellulose content
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Fig. 4 Comparison of the measured value and calculated

value from training set and testing set
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Table 2 Comparison of SVR prediction model with different kernel functions for lignin content

-
5 H 28 : Pt

etk E2 Y RBF Sigmoid

‘ MSE 8.894x10°° 0.0001 9.599x10°° 0.0884
IRt

R 0.9991 0.9989 0.9995 0.0131

o MSE 0.0126 0.0056 0.0030 0.0276
M4

R 0.8617 0.9248 0.9532 0.6901

K H 3-CV 5454 PS8 2k X RBF 2 pR %L
SVR BRI S H C M g 647 340, B E BT 25 C
HH R B [ 27,28 ], RBF % RBU A% IR B TS g

AR ARG D (2%, 2° ], i B L R A 258 C A
g o 3 logc=0,log,g=—8, Bl ¢=1,2=0.0039 i} 32 X 5
UE (14 ¥ 7 22 47 fe /M 0.0238, B Ay 455 70 55 1 2
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Fig. 5 Parameter selection of SVR prediction model for

lignin content
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Fig. 6 Comparison of measured value and calculated value

from training set and testing set
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Table 3 Comparison of SVR prediction model with different

kernel functions for xylan content

% R
WH 28
gt ZWl  RBF  Sigmoid
‘ MSE ~ 0.0001  0.0001  0.0060 0.0816
Pl S
R 09987 0.9987 09566 0.0679
] MSE  0.0932  0.0339  0.0017  0.0600
MHALE
R 06417 08979 09599 09123

K 3-CV 454 WA 48 2 X RBF 1% PR AL
SVR HAIBH C Fl g 47 T4, 80 5E C 8RR
J[27,2° ], RBF B eRE) ¢ MR [ 27,2°],
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0.3299, g=0.0039 K 52 X 40 ik 19 ¥ 7 25 A e /IME
0.0535,€=0.3299 Fl g=0.0039 R A T 455 7Y (1) fe
SR, AR R o A A I R 5 SR an & 8a i
7N, AL ST R R BT 2R e T A R I SR A 1Y
gyt R 25 BAIK , MSE=0.0060, 1 & 30 B8 4, R*=
0.9566, F1 I AT 201, % VI 2546 T ELAT %5 4 il 400 &
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Fig. 8 Comparison of measured value and calculated

BRI 5 22 9 ~2.02% 5 R B 1 — 4 70 2 B T v
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value from training set and testing set
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A PREDICTION MODEL OF BIOMASS THREE-COMPONENTS
CONTENTS BASED ON MACHINE LEARNING AND
THERMOGRAVIMETRIC ANALYSIS

Xing Yonggiang', Xing Xianjun®*, Zhang Jing', Li Yongling', Zhang Xuefei', Zhang Xianwen®’
(1. School of Mechanical Engineering , Hefei University of Technology , Hefei 230009, China;
2. Institute of Advanced Energy Technology & Equipment , Hefei University of Technology, Hefei 230009, China;
3. School of Automobile and Transportation Engineering , Hefei University of Technology, Hefei 230009, China )

Abstract: A prediction model of biomass three-components contents was proposed on basis of support vector regression
machine (SVR) and thermogravimetric analysis (TGA) in order to address the existing weakness of time-consuming and
labor intensive process for determination of cellulose, hemi-cellulose and lignin of biomass. SVR model with four types of
kernel functions were compared and corresponding parameters were optimized through the K-fold cross-validation method
combined with the grid search method, based on which the prediction model of three components contents using training
dataset was built. Subsequently, the steps of model testing and validation were carried out. The results showed that the
model had a satisfied performance with correlated coefficient over 0.9532. The absolute error of the model for the
prediction of biomass three-component contents was limited within 2.72%. It was shown that the prediction of biomass
three- components contents combined machine learning and TGA was successfully achieved and it also extend the
application of thermogravimetric analyzer.
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