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Topology of deep neural network
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Fig. 2 Absorbance spectra with wavelengths

in the range of 8 to 12 microns
(a): Eight species of VOCs, each has four concentrations;

(b): A mixture of eight VOCs
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Fig. 3 Data pre-processing of 5 000 sample

(a): Original absorbance spectrum; (b): Absorbance spectrum after integral extraction;

(¢): Integral spectrum after PCA decomposition; (d): Integral spectrum after PCA extraction
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Fig. 4 Training sample input and output

(a): Input matrix; (b): Normalized input matrix; (c): Output matrix; (d): Normalized output matrix
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Table 1 Deep neural network prediction results Table 2 Network prediction error under

under different hidden layers different hidden layer nodes

6 J2 e L T £%) 5 fR HIER e g6 JZ 1 5 R T 45 75 fRAR 22 /10
B U T BR2E/1076 WiE]/s -25-15-10- 0. 002 7
2 )2 -20-10~ 0. 005 2 26 -25-20-15- 0.005 6
32 -25-15-10- 0.002 7 121 -24-18-12- 0. 006 3
4 )2 -25-20-15-10-8- 0.002 3 491 -20-15-10- 0.004 3
52 -25-20-15-12-10-8- 0.004 9 1242 -20-10-8- 0.031 0
-15-20-15- 0.009 8
AT LA B PR R A % L VIR BB 5 A — i T -20-40-20- 2.390 0
-50-30-10- 8.408 8

P BREE JZ RO 22 P 2% TR BB . 2 RS R Bl
Z0 . BT BR. BN B2 K. R TR
JEE AN S if 18] 99 07 T £ 45 5 0 R4 BRURUZ 2 B0 3 19 R 4%
BT T R4 45

GO RRMUZET R 8G: #E T RBUZJZ 805 . s kok
TR AERRZE Y SR 3R 2 BN TR BROEUZ W R BCT 10 K
T 45 2 1) S 48

FLLE ], A BRORR B9 RO T AR T AR
B, 46 Y T 8 22 O, TR I R )2 19 o B BN T A
JET R 2 B T RO 2 1 U . R 2% A T R 22 AR
Ao TR BRI S PR I TR % B T R 22 AN B R
2 IR, g 25, 15, 10 2 = AN BROR0UZ M 28 00 I e A
Y

PEFE sigmoid pRELAE Jy Ko el 2 1 B 2 0 BOE 8L . RelLU
BRI BUE 2 A T s pR A B ARBRR RO O
PRE RIS S MU, I R I BN 0. 2, Jp/haf 3
Fh 05 BRIERWHERL T 10005 FIfEH e &H 0. FHUIZHEA
Y 25 A0 Ak A5 B0 1 U B b 2 I 2 B, 4K 5 PN 2 - 1) o
25 00 2% T 25 1 W RE A Y 1 D R R A — AR S A B R
WA A AR E(E .
2.4 RESW

H TIOI H 0) 25 20 4 VR B LS VR B A 25 T LAAS B TR0 45
A sEhriR2E . 5 & 1 000 4 F AL A 1 sE bR 22 |, Al
LI B 52 B 3% 25 19 75 Bl 7E — 0. 004 X 10 ¢ ~0. 004 X 10 ° 2



1104 itk 5 i 4 A

5540 &

(6] » I BT 2 I JEE o 2 IO 4 ok S A AR 1Y A R AR A
b 9 TN 4

5 DNN REREBRTNIRZE
Fig. 5 Actual prediction error based on DNN

Bl 6 Ca) J2 B VOCs B vk B2 (Jk 1 000 A HEAS) 119459 77
M2, B 6(b) &R MAEA T M B (3L 8 Fh T MO i3 J5 iR
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Fig. 6 RMSE of prediction

(a): Error of each VOC; (b): Error of each sample
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Table 3 RMSE of each VOC under different

sample numbers
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Fig. 7 Accuracy comparison between DNN and

ANN under different sample numbers

&7 RTRLVEH, YAEASCE N 300 B, DNN i 2 R
0.26>X107°, ANN i 28 0. 19X 10°, X & H Y kA
o B0 BF . DNN 28 15580 A0 45 ANN 5258 o) 4% 07 oy &2 2%
AN e % 15 20 78 40 U 25, Jor LA TR DUORS BEAR T ANN; Bl 5 A
B 2, ANN A DNN (WK S 28 LA %, et w40



543

e 5 4 AT 1100

A5 2N 2 i DNN AR R 37 50405 ) A 26 1 7 218 9 48045 410 #5014
U . 0 2% TR BE AR AT ANN BERUA 1O R B2 45 v
TEW] T R 28 M 45 TR 4 T 2L i 2 4 0 VOCs R B
M7 T A 4 AR J ) I T 5%

3 45 i

M\ EPA HOif e oh B IR T\ B A 9 1 R A L 8~ 12
pm 3 Y B WO BE 5%, MR % Beer-Lambert 5€ At #E TR & »
Zoid BUM BRI . PCA W 4k 25 T B0 U5 16 A+ 4% 4140 e i
PR R ST T 30-25-15-10-8 PRI I it 22 9 446 B 00 A7 2%

W 2 T AT 6 g A TARIRERAE . A B3 N 2 T4 B )
A9 L 0 P 2 o R AT s L AR BT N TR JBURR AT B g
LI ABGS DR, R 2 R 2% T ik e 2 > . kiR
FERCI K BEAR T V= A9 N M 22 0 2% . EL Bt I 5 A A
I, DNN ARG AR W 4R . AEA K Dy 5 000 I 238
KEBEIKRE 1 0.002 7X 10 °, AT HA — M ERKZE AL
MM AT W AER R £ 2 A TSR . DNN [F]
X A i A M TS BE 32 B A 0 UK B o 5 SRAIE W] TE I 2R A
A FE LIS I TR JEE o 42 IO 45 0 22 4L 7 VOCs EAT W JEE ST 1Y
SRR R . A B RRRUZ BN R 2 M 4% . BETE FE 40 Hl
ST HRRRAL . B SR A AE S MR BBl BE D FIARE L

Mo G HEREEIYRE R, LRE~, BEMNE
References

[1] HongZY., LiMZ, Wang H, et al. The Science of the Total Environment, 2019, 657: 1491.

[ 2] Zhao Q. Wang Q. Li Y J, et al. Colloids and Surfaces A: Physicochemical and Engineering Aspects, 2019, 562 402.

[ 3] YANG Gan, WEI Wei, LU Zhao-feng. et al(g F., 28 #i, SJk+F, %). China Environmental Science(H [E 3% Rl %), 2016, 36
(5): 1297.

[4] ZHU Jun, LIU Wen-qing, LIU Jian-guo, et al(4& %, X3¢, X8 E, %). Chinese Journal of Scientific Instrument({¥ #5{¥ 243 »
2007, 28(1): 80.

[5] WANG Di. NI Zi-yan, WANG Ming-ji. et al(E . i FZi. £ . 45). Acta Photonica SinicaCGF2240) » 2019, 48(3): 0307001,

[ 6] FENG Ming-chun. GAO Min-guang. XU Liang, et al (M. @G, i 5, %). Journal of Atmospheric and Environmental Optics
(RRGHE 740, 2011, 6(6) . 432.

[ 7] Feng$S, Zhou HY, Dong H B. Materials and Design, 2019, 162; 300.

[8] HanR, Yang Y L, Li X S, et al. Asian Journal of Pharmaceutical Sciences, 2018, 13(4); 336.

[ 9] TONG Jing-jing, GAO Min-guang, LIU Zhi-ming, et al(# j#i# . ##%, XI&H], %), Infrared Technology (ZLAMEAR) . 2010, 32(8) .
491.

[10] Buckley P I, Bowdle D A, Newchurch M J, et al. Applied Optics, 2015, 54(10): 2908.

[11] FENG Ming-chun, GAO Min-guang, XU Liang. et al GG, B, 1 5. %), Laser and Infrared (35654048, 2011, 41(11);
1201.

Application of Deep Neural Network in Quantitative Analysis of VOCs by
Infrared Spectroscopy

ZHANG Qiang" *, WEI Ru-yi'* , YAN Qiang-qgiang' . ZHAO Yu-di' , ZHANG Xue-min', YU Tao'

1. Xi’an Institute of Optics and Precision Mechanics of Chinese Academy of Sciences, Key Laboratory of Spectral Imaging Tech-
710119, China

100049, China

nology of Chinese Academy of Sciences, Xi’an
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Abstract In view of the fact that shallow artificial neural networks (ANNs) rely on prior knowledge for artificial extraction of
features, while shallower network structures limit the ability of neural networks to learn complex nonlinear relationships, this
paper applies deep neural networks (DNN) to the study of inversion of multi-component volatile organic compounds (VOCs) by
leaf-transformed infrared spectroscopy (FTIR), and the effectiveness of the algorithm was verified by simulation experiments.
Eight VOCs including benzene, toluene, 1,3-butadiene, ethylbenzene, styrene, o-xylene, m-xylene, and p-xylene were selected
from the US Environmental Protection Agency (EPA) database. In the wavelength range of 8~12 um, each gas has four differ-
ent concentration lines, and the absorbance spectrum at one concentration is selected from each VOCs gas according to Beer-
Lamberts law to obtain 65 536 different kinds. Samples of VOCs mixed gas absorbance spectra. The absorbance spectra of 5 000
groups of mixed gases were randomly selected, of which 4 000 were used as training samples and 1000 were used as prediction

samples. The dimensional reduction of the spectral matrix was performed by integral extraction and principal component extrac-
p P p y g P p p
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tion, and the spectral dimension was reduced from 3457 to 30 dimensions. The new matrix obtained by preprocessing the spectral
matrix was used as the network input, and the concentration matrix of the eight VOCs was used as the output. A deep neural
network regression prediction model of 30-25-15-10-8 was established, and multiple groups were realized by using spectral data.

5, which was

Inversion of VOCs concentration, the root mean square error of the sample obtained by inversion was 0. 002 7 X 10
obvious compared with the accuracy of previous methods using nonlinear partial least squares fitting and artificial neural net-
work. improve. The root mean square error of each VOCs gas does not exceed 0. 005X107°, and the root mean square error of

~%, which proves that the deep neural network prediction model has good nonlinear fitting

each sample does not exceed 0. 006 X 10
ability. And good stability. When the training sample is insufficient (typical value: less than 500), the deep neural network can-
not fully learn, the network error is larger, and the accuracy is lower than that of the single hidden layer artificial neural net-
work, but as the number of training samples increases, the deep neural network accuracy is continuously improved. When the
number of training samples is sufficient, the deep neural network has stronger nonlinear relation learning ability than the shallow
artificial neural network, and the prediction accuracy is higher and the model is more stable. At the same time, due to the dimen-
sionality reduction of the spectral matrix before training, the complexity of the algorithm is greatly reduced, and the inversion ef-
ficiency is effectively improved. The analysis shows that the deep neural network prediction model has good nonlinear fitting abil-

ity and good stability. It can fully learn the data features without manual extraction of features, and at the same time. the con-

centration inversion of multi-component VOCs can achieve higher precision.

Keywords Deep neural network; Fourier transform infrared spectroscopy; Volatile organic compounds; Concentration inver-

sion; Multi-component analysis
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