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Fig.1 Physical electronic nose system
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Fig.2  Flowchart of electronic nose system
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Tab.1 Performance characteristics and

measuring range of each gas sensors

IR e PUUREEaRN iy

TGS2602 X SN R R A 1x107°~3x107°
TGS2610 XA BE AN T e R 5x107% ~1x1072
TGS2611 X B ot AR SR <R 5x107% ~1x1072
TGS813 T R S A R A 5x10°* ~1x1072
TGS822 XA A HLTE R 2 5%x107° ~5%x1073
TGS822TF X CO FI H, R i 2x107* ~5x1073
TGS825 Xf H,S R 5x107°~1x107*
TGS826 MESRAAMOBERE 3x107° ~3x107*

X — A AL B e TR

TGS880 3x107° ~3x10°?
ST HRMAEAH

TGS4160 CO, % 3.5x107* ~1x1072

TGS5042 Cco £ H 0~0.01
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Tab.2 Experimental conditions
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Tab.3 Values of the hyperparameters

S8 {1

0, [ -0.78, -0.43,1.37,1.37,--,1.37]
0, [ -0.48, -1.23,1.68,1.68,--,1.68]
0, [ -0.46, —1.12,1.69,1.69,--,1.69]
0, [ -0.45,-0.11,1.70,1.70,--,1.70]
0, [ -0.49, -0.14,1.66,1.66,-,1.66]
0, [ -0.47,-0.13,1.68,1.68,-,1.68]
0, [ -0.48, -0.13,1.68,1.68,---,1.68]

FHE 8 UM AE 3 o BRI 1 I A I i 1 2 Bl
], @ Sr GP oy ey, JEUN G AN BT &5 R AN 3 4
5 Frm o

x4 F1XRINGHEE T E 5 %285 00 FU0 xR
Tab.4 Predictive probabilities of training data
set on first day
. 1 W2 3 4 S e T
0.85 0.20 0.21 0.20 0. 14 0.15 0.15

—_

2 0.8 0.16 0.14 0.13 0.14 0.08 0.08
3 0.91 0.13  0.11 0.13  0.13 0.09 0.07
4 0.90 0.13 0.11 0.14 0.13 0.10 0.08
5 0.90 0.14 0.12 0.14 0.15 0.10 0.09
6 0.87 0.20 0.17 0.24 0.22 0.18 0.15
7 0.89 0.18 0.16 0.23 0.18 0.16 0.16
8 0.87 0.18 0.14 0.22 0.20 0.16 0.15
9 0.91 0.14 0.14 0.17 0.15 0.10 0.10
10 0.86 0.17 0.15 0.16 0.14 0.11 0.11

x5 F1XRMNRABIEE AR E SRR IE TR
Tab.S5 Predictive probabilities of test data set

on first day

Bl W2 M3 B4 S He H7

MR o mkm KB KB DK HEB HEE
1 0. 88 0.18 0.18 0.19 0.18 0.13 0.12
2 0. 87 0.16 0.14 0.16 0.12 0.12 0.12
3 0. 86 0.14 0.11 0.16 0.10 0.11 0.12
4 0. 84 0.15 0. 14 0. 14 0.13 0.10 0.13
5 0.83 0.18 0.16 0.20 0.13 0.13 0.13
6 0. 82 0.15 0.14 0.16 0.12 0.11 0.10
7 0. 85 0.16 0.15 0.19 0.12 0.14 0.12
8 0.79 0.24 0.24 0.24 0.19 0.20 0.19
9 0.83 0.21 0.20 0.28 0.16 0.23 0.21
10 0. 86 0.19 0.15 0.18 0.17 0.13 0.12

MFES AT LI 50 1 2800 26 i 70
WY R T Al 73 28 4 Y O MR 3, T AR 1 2R 2K e
e AR 1 RGN R A U R A, sk i 3l i 4
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At 00 3 A 4 SR B[R] AR 1Y 75 3 3 o A R 3 2R 4R 15
PRI B T ABE 4 o 45 2R A R 25 A A 1 st 30 11 00 35

SO 28 3 R X T A T B B ) 3 21 4 A 1 Y T AR R
R oAb 73 S 3 1) T I AL 25, e 2645 2 AR X 17 Y [
SRBER . 6 FIH T GP 3288 70 5 % B Tl
2 A AN UAE Y 40 R 4G
F6 GPAEBHEINFEMNKEPHATIRANER
Tab.6 Detailed identification results of the best GP

models in training and test sets

o 4¢21§ B 2 P AR W AR/
P44 3 4 5 6 7 %
10 1 o 0o 0 0 0 0 O
10 2 o 10 0 0 0 0 O
10 3 o 0 10 0 0 0 O

ME¥S 10 4 o 0 0 10 0 O 0 100.00
10 5 o 0 0 0 10 0 O
10 6 o o0 0 0 0 10 O
10 7 o 0 0 O 0 0 10
10 1 v 0o 0 0 0 0 O
10 2 o 10 0o 0 0 0 O
10 3 o 0 10 0 0 0 O

MIRFES 10 4 o 0 0 10 0 O 0 100.00
10 5 o 0 o0 0 10 0 O
10 6 o o0 o0 o0 0 10 O
10 7 o 0 0 O 0 0 10

ARSCRAEINR T % 4328 T H (SVM Al NNs)
AR FATERE . X SVM 3 i 9 M 48 % vk A 3 &2 5L
BAEIE R XF C Ly X PIAS ZHCHEAT LA , IF 4 5
AR AE I R T i e 8 R SRR B E X TS L
A& ARy € =256,y =0.176 8, NNs {Rfb R T
WRER LR AL, KT MES R4 T SVM
(€ =256,y =0.176 8) Fl NNs XJ % 4 F 95 09 Y1l 2k 4
A 3 4R 4 20 5T SR 4 R 0 K9 X GP SVM | NNs

®7 RESVMIRFERENGZRMNRKHH

BITIRANER
Tab.7 Detailed identification results of the best SVM

models in training and test sets

—— #ZIK B IR ER AP S W AR/
b4 2 3 4 5 6 1 %
10 1 o o0 o0 0 0 0 O
10 2 o 100 0o 0 0O 0 O
10 3 o 0 10 0 0 0 O

[ 10 4 0 0 10 0 0 0 92.86
10 5 o 0 o 0 10 0 O
10 6 0 o o0 0 9 4
10 7 0 0 0 0 1 6
10 1 0 0 0 0 O 0 O
10 2 o 100 0o 0 0O 0 O
10 3 o 0 10 0 0 0 O

) ik £ 10 4 o 0 0 10 0 0 0 8571
10 5 o 0 0 0 10 0 O
10 6 0o 0 0 o 8 7
10 7 0o 0 O 2 3
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0] TR%UK?FQ% . Tab.9 Results and comparison of the best

SVM, NNs and GP models
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Tab.8 Detailed identification results of the best
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Monitoring of Straw Solid-state Fermentation Based on
E-nose and Gaussian Process

Mei Congli  Shu Dongxin Jiang Hui Huang Wentao Liu Guohai
(School of Electronic and Information Engineering, Jiangsu University, Zhenjiang 212013, China)

Abstract; The e-nose system and Gaussian process ( GP) classifier were used to accurately monitor
physical and chemical changes in solid-state fermentation ( SSF) of crop straws to replace off-line
chemical analysis in laboratory. The SSF experiment cycle is seven days and the gas monitoring data sets
were collected by e-nose every 24 hours. In this experiment 20 data sets corresponding to 20 batches of
fermentation processes were collected, and ten of which were used for training GP classifier, while the
rest for testing the performance of it. Test results show that the e-nose system could effectively monitor
SSF process of crop straws and the classification accuracy of GP classifier was higher than that of support
vector machine classifier or neural networks classifier. So the e-nose system combined the GP classifier
method could be an effective strategy to monitor SSF process of crop straws.

Key words: Straws Solid-state fermentation Monitoring FE-nose Gaussian process
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Esterification of Waste Frying Oil Using Styrene Type Cation
Exchange Resin Catalyst

Lii Pengmei' Liu Limei'” Yang Lingmei' Yuan Zhenhong' Chen Zibo’
(1. Guangzhou Institute of Energy Conversion, Chinese Academy of Sciences, Guangzhou 510640, China
2. University of Chinese Academy of Sciences, Beijing 100049, China 3. Department of Materials
Science and Engineering, Central South University of Forestry and Technology, Changsha 410004, China)

Abstract; Porous polystyrene-divinylbenzene was prepared by suspension polymerization, and then
sulfonie acid ion exchange resin was obtained by sulfonated porous polystyrene-divinylbenzene. The
resin’ s morphology and degree of sulfonation were characterized with SEM/EDS, BET, IR respectively.
Esterification of waste frying oils with acid value of 63. 0 mg/g was studied using cation exchange resin as
catalyst to investigate its catalytic activity. 40.0% dosage of porogen was preferred when the
polymerization conditions were 360 r/min, 1.0% dispersant, 1.0% initiator, 75°C for 4 h and the heat
to 85°C for 6 h,while the sulfonation conditions were 1.0 mL/g dichloroethane, 5. 0 mL/g sulfuric acid,
70°C sulfonated for 1 h and the heat to 80 ~85°C for 3 h, the optimum swelling time was 1 h, and the
concentration of sulfuric acid was 98% . The maximum exchange capacity of the cation exchange resin W2
was 5.2 mmol/g in that condition. When the esterification was performed in the condition of 40. 0%
methanol, 10.0% W2, 70°C stirring for 1.5 h, the crushing rate of W2 was only 10.0% and the
conversion rate of FFA reached to 86.8% . W2 is better than commercially available cation exchange
resin PC101, and could be reused for 5 times.

Key words; Frying oil  Esterification  Cation exchange resin  Catalytic activity  Polystyrene-

divinylbenzene



