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Application of XGBoost in Gas Infrared Spectral Recognition
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Abstract To address the problem of gas infrared spectral identification, a new lifting algorithm named eXtreme
gradient boosting (XGBoost) is introduced. Infrared spectral data of chloroform, p-xylene, and tetrachloroethylene
are selected for experiments. After these original data are preprocessed, the spectral features are first extracted by
feature engineering to generate feature vectors. Then, the XGBoost model is established and its parameters are
optimized. Finally, based on a classification accuracy index, the XGBoost model is compared with random forest
(RF), support vector machine (SVM), feedforward neural network (FNN), and convolutional neural network
(CNN). The experimental results show that XGBoost has a broad application prospect in the field of gas infrared

spectral identification.

Key words spectroscopy; pattern recognition; infrared spectroscopy; lifting algorithm; feature engineering

OCIS codes 300.6340; 070.5010; 150.1135

15l G

SR TERE A 0 52 L A7 S BRI A I 45
G ATE T Z N L A e 4 A
(FTIR) S AR e UM W L AP 1 B, 145 3] ik 26
D KA BEA TR AE B O 20 B s DT PR3 R AR A
Ry R AT A I R A G B R R
ANy BEIHFEREAS ] 7R 2 S I I AR A AR AR
A T B

AT B TR ALRL A EOR i P A BN T
RESF A TE A MU TP A5 2 T iz B9 JEHAE
U U IRAS T E R A IS BCR  TH B T A i

U5 N T BE S A 45 6 1y O sRAE R4 Aok %
PR G003 2 5 R TG AR IS AR R T3
F 3 FE I B HL(SVMD) ZH 43 25 U 3 — A o
FEPNTE % A X R AR AR R ) L 58
AR T RAFR AR . XISEIR 506/ 22 RO 43
55 R ) A% B Aok 25 ) 48 SR A, S0 TOR R B MR R
Z H g (DMMP) 5t 3% (i e s U, A Bow™ R H
F i) e ot 428 ) 4% 580925, % NH, L HCL,CO,NO,CH,
X5 RO AT T A SRS, 2016 4F, Chen
AU T A s B B 4R TH (XGBoost) 8k, %
A PR R S R AR T R A
Bear i gl A 7 R ARG & 2 N O

Wi A 2019-12-03; 1B B EY: 2019-12-19; FHABH: 2019-12-30

“ E-mail: yhfang@aiofm.ac.cn

0730002-1



Es i

BAR TR . B, K XGBoost B3 v H T
AN A H EE N R B . A
XGBoost 35 I FH TR 21 M 1% Fp 238 51, A
SRLT A G B AL B R AE 4R R R A M X =
AN R TAE Pk 7 S0 iy = S8 e 4
DU O SR L0 AN 1% s 5T XGBoost Bk
PEATITE . SCH 25 K W, XGBoost 15 HA R4
(1) T A 5 1 ARS8 g, AT 58 il A R 2 L3
15 B AT R T RN N (E .

2 FEARJFH

2.1 XGBoost &%

XGBoost 53 2 4 T+ 53 % i — il , 38 5 5% 25 U
BRI A8 2T A% L B R N AR R 58 2R AR R
EAAGF — AR ] . XGBoost 7EAL Ak i P
FRORE A K R B B B R TT L B R S B R
PRI A I S o AR b g Wi SRR R B PR, I Ak
XGBoost I 7E 45 2% p& K 5 A0 1 W) Ak TR 40 il A5
RIS IR BE W7 ik WG A & A4 . XGBoost 5k
MEARES SR T ., & D={(x.,y)}E—"TH
A on DR G DREARIA d A FRIE R B 5
Forp o, KR8 i DREARBAE v, SRR AR
bra&, B BB gk M 4r 26 5 Il 3 B CCART),
XGBoost FH U8 F th K OB Y ECH D A B A
Y I — A T i o B 2Ok T e 4 25 2R

K

3= 20 f(x), (D

Kk IR 5 f 0 CO NS b BRI F R,
AL TR £ TR 2 o AR AR 1 i 25 0 2 2 [] e
SE . % R BT DL S RS 1 i 25 . Ry T AR AR
TR 7 2 (RS TR T GRT SR VA o 4 o AR TR A % B ) A
1 T SN 1 A B i VI O 7 0 ST G 9l
XGBoost 3519 H 5 bR K

Obj® = D> [y, 55+ £ (2] + D)
i=1 k

b

0CH =T+ 32 |wl’

2
A ST e — DB 8% A 2 05 £ ()
E ke BB IR A5 5 0 S B R BUIEL y, SR
{8 v, Z 0825 5 B9 R0 46 2Kk BREG Q Co) g BERLAE
R BRGS0 y S RO A IE AL 2 82 it
TRE A IE WS s w g7 U T i
TR, BT A AT R R R

ASEE R R BAE y Y AR 2R A U T
RESL g MRy O 2R B OR AH) — B T RO B
B30, 25 Fu s JO0U D0 A 8 R O )R 9 H A R KOS S
Obj» =

S [(8) e+ (S g

(3
Aot o, KT WBUE. X G = D) g
Ho= 33,k ARAGHSR . B R

T

Oh* = 2 [Giwj +%(H, —O—A)wf}—b—}’To 4

EORXF T w, B—DABEM. &

B F AR R B O™ X <o, SR — B S 20 i i 745 a5
J R w; -

G,

YT UH, A )
W w, AR H AR R & Obj ™ B fe /ME
Il G
e L j
Obj 2 24 H, 12 +yT, (6)

2.2 XGBoost HERI B H IR

XGBoost TEFJE CART B, i F 2000 8 3 9147
FRAE A2, R I B RIRE I m, BRI AR E 1
7N o

Algorithm: exact greedy algorithm for split finding
Input: 7, instance set of current node
Input: s, feature dimension

gain« 0
G, 8 H <X h

for k=1 to m do
G, < 0.H «0

for j insorted (/,by X;)do

G, « G, +g,.H « H, +h,

G, <« G-G, . Hy,«H-H,
Gf + Gé _ G? j
H,+A Hy+A H+2A

Score <—max [ score,

end
end

Output: split with max score

1 XGBoost & ¥k i
Fig. 1 Flow chart of XGBoost algorithm
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A new tree is generated along the direction of
the negative gradient of loss function
[ >

As the number of tree models increases, the
loss becomes smaller and smaller

| | | |
| | |

fi(x) f2(x) fi(x)

5 =3 fu(x)

k=1

| I

f:t(xi) f;l’(xl) fK(xi)

f i (xi ) represents tree model

K 2 XGBoost 7k & & 1)
Fig. 2 Schematic of XGBoost algorithm*
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Table 1 Features for gas spectral data classification

Feature Meaning

Width Full width at half maximum of characteristic peak
Kurtosis Sharpness of characteristic peak
Skewness Symmetry of characteristic peak

Correlation  Correlation coefficient with standard spectrum on NIST

SNR

Signal to noise ratio of characteristic peak
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Fig. 3 Comparison before and after spectral pretreatment. (a)(b) Trichloromethane;

input samples
and labels

calculate residuals

(¢)(d) paraxylene; (e)(f) tetrachloroethylene
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initialize list of
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Table 2 Classification error matrix for three kinds of gases

&l 4 XGBoost 5 A1 Il 5 i 72 4]
Fig. 4 Flow chart of XGBoost model training

Gas name  Trichloromethane Paraxylene Tetrachloroethylene
Trichloromethane 887 15 5

Paraxylene 31 814 11
Tetrachloroethylene 9 13 799

B T H T A XGBoost £517 7E S K 4156 6
W28 M RE, I A BEHLZR A (RF) . SVM, % 1
P25 I 4% CCNIND I A 4 28 9 4% (FNIND 3X 4 i
(73 JEFTEAE X L o AT b 3R I 5 4R ) 3 o
LA 78 E A5 I 2% R, L AR 2 A 4 RE

0730002-4



i

# 3R,
3 5 RMEREL A Ay S AE R

Table 3 Classification accuracy for five models

Model Accuracy /%
RF 96.35
SVM 79.48
CNN 80.37
FNN 95.61
XGBoost 96.75
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