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Abstract: To achieve rapid, non-destructive and accurate detection of vulcanization accelerator content in
rubber products, this study adopted terahertz time-domain spectroscopy technology, combined with data
augmentation and chemometric methods, to conduct quantitative analysis of vulcanization accelerators in
multi-component rubber mixtures. Aiming at the problems of serious spectral overlap of rubber mixtures,
small sample size which was prone to model overfitting and poor generalization ability, a data augmenta-
tion strategy based on data fusion and Least Squares Gaussian Fitting (LSGF ) was proposed, and a quan-
titative model of Genetic Algorithm-optimized Support Vector Regression (GA-SVR) was constructed.

To reduce data dimensionality and improve modeling efficiency, the Variable Space Iterative Shrinkage
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Approach (VISSA) was used to extract features from the original and augmented spectra. The results

show that data augmentation can significantly improve the predictive performance of the model. Among

them, the LSGF method has the best effect; after VISSA feature extraction, the model accuracy is further

improved, and the correlation coefficient Rp of the LSGF-augmented data in the prediction set reaches as
high as 0. 982 6, with the RMSEP as low as 0.002 3 . This method can provide technical reference for

rubber formula optimization and green and sustainable development of the industry.

Key words: terahertz spectroscopy; data augmentation; least squares Gaussian fitting; data fusion; quan-

titative analysis

1 3 =

AEBE S I 5038 Je P 20 m Tk e BRI
HPERE 3 5 AL o AR E M BT R E T RE A
TS A ] it ) P BE RS A IR 45 I 2 £ o0 i ]
ol o Horb B A AR R TR0 T e TRk
TRCREAERE 2 OCHE B, I E O AR B A b AR
AR A SN R 2 — o SR, BE A 4 RO Sk (R
TR R B H 4 T, B fh 02 o 0 A 95 2 e 35 4
B AT B fE s VF 2R R S A A
S, JEAE A O AR 2 RO E R
VR IK, %ok A 3 PR 45 RN O 4 B g ™ R B
T AR R, R 5 3 TR 51 A B SR UL A B
20184, CRRUIBE il it o ol BRIV A 3 R 39T 7 )41
Hh AR S AR R T DR R S A R A Y
BR 2 W e 2R 0], 5 B2 44 TN B I R S 4
5 R B Ik 2o 05 2019 47 H5 0 AL T A I R
KA, 2GR TR T PR 5 Y O 3 R 2 K AR TS
B, PEARREILT, IR ARFBRITL . X
S0 SO AR BR T B e o R AE 2 A A BT I
AN KL, A g™ T HAE B R A B T TAT ) 9 1 X
W o DRI, i s A o iy v A A AR 2R 50 5 i R
YRS I, B R LT B AT B0 O A A b o, 2
h e Sl AR IS Tl S B AT A 2 R ) O B 2 A
i GEAG I J5 vk A =7 oy B G R LA
T RRE R A I A R E T (B AR SRR
B FEIHS BAS i 2R AN R LA R S A v
SRR R Xk S 5 Y B AR A B S
i A5 B B BRI T AR Tl Y gt T R
KR o P 5 S e A R DR A I O 7A B
B A ATl B 38 YD R R HE Sl I B AR 1T %A

ARk bl 5 AR PO LR SRR A K
Ji | IR %% D' i B AR TE ) JoT R N 4 A T
MW . RbR 2267 HA RS ARG 22
e LR A R MR RE L AN, R 2506 1
ZE3% ) R, A BT Ll T R A% SR AR BT Y
PN 25 4 DA B A2 Ay o R 2% 6 1% R SR A
LR 8 A% 0 R T R ARSI 1) S I 46
14 I FH IF ke B 32 o 9 0 Hirakawa %' A JF
B T — Bl I T R 25 0615 B R 9 AR S B Ak 2o B
B EORE A3 B0ME T WAL DAL T ik 38 S i 4 B S
TR AR AR S I 1 e R 0 43 BOME B A
RURAE A A i ot f JoT Sk G 00 42 L 7 i B R
WA . Zhang RN R FH AR 2% B 3806 1% R
SEHL T AR T R B A 0 TG AR O i 40 A
K25 A 5 00 W WSRO S e, ST T — b
Y E A )7 . Chen MY AWFSE T K
25T AR AE AR Hh AR B A A
i L G REAE 5 AU A B R DG M A3 AL R
TR AT EE AR I O v . RIS R K
256 1% AR TS 0 0 R A I T 4R T R A
A B8 S R o

H R, 76 2R R 2206 35 5 R AT IR & 9
BT RIE S T, B OGS AR Uy SURE e 2
J3 AR M SE S S 56 1 O 2Ok AR RO B 1 ok % 4
it , B o S /R AR R B, R BT R
SEASE I Ay M S LA 2 Ak 2 B T N AR A
), ST U, A B 5 R FH AL 28 2% 2 SR K
s b B 1, 85 A SR YT 7T O w6 i B 1Y
B R FE AT O Ak, DR TR R A3 AT 1 o



5 8 ]

Bt A8 A 0 2 50 R 2% D' 1% B 4 7 R s 5 A

1221

2 R#F#EAE LR

2.1 EWiFH

S0 A R 4 4 R B TR AR O S
B A B2\ AR 72 i CCT-1800 Y6 14X, H 5z ¥y
Pl 0 D P 5 40 PR 1~ 2 FF s . CCT-1800
S A 3 5 L 0. 05~5 THz, % %8 149 ik oh &
S M 2k 80 MHz, ik o 0 3 K 24 780 nm, fik e
Y /N T 100 fso 26385 4 & Kk 2% 4% 93 & 2k
i IR 2% B G N g | AE B 2 R ik e
B ek 38

BT Rk 2% e AL S Yy 1R

Fig.1 Physical diagram of the terahertz spectrometer
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mixture (%)

Mass fraction

Number

NBR Polyethylene Silica 44S TBzTD ETU
1 60 5 20 5 0 10
2 60 5 20 5 2 8
3 60 5 20 5 4 6
4 60 5 20 5 6 4
5 60 5 20 5 8 2
6 60 5 20 5 10 0
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Fig.2 Schematic diagram of the terahertz spectrometer
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Fig.4 Data fusion method for expanding data
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Fig. 6 Average time-domain spectra of the five substances
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Fig. 7 Average absorbance spectra of the five substances
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GF ¥ s M B Am 2 T, XM £ /1y — 3fe [ul I3 (Partial
Least Squares Regression, PLSR) | K #L £ #k
(Random Forest, RF) }& &z [n] 1& #& #f & M %%
(Back Propagation Neural Network , BP-NN) =
OB AR GA-SVR BERIFE 4T T X5 Fe S g . A
[F] 52 28 1 i X L 6 2 iR o 5 R K W], PLSR
A by 2 P 55 80 3 D A PO 22 06 135 1 B s R 4k
PERFAE , T A B2 R IR s RF R BPNN B8R 4R 4L
PEALFRRE T (B AE/INFEA S AR B T 2 B AR TR
LS E . MIEZ N, GA-SVRE G T 451
AU Fre /I Ak S0 5 42 )=y F-O0RE 7, 76 Re #1 Rp 48
bR BRI R RAER GA-SVR KAL)y
S B2 43 B Y LA A A

F2 ATEIEBEREITEE

Tab.2 Comparison of performance of different models

Training set Testing set
Model Data augmentation
Re RMSEC Rp RMSEP
PLSR LSGF 0.9215 0.008 5 0.8954 0.0132
RF LSGF 0.954 2 0.0051 0.9320 0.008 9
BP-NN LSGF 0.9610 0.004 8 0.9415 0.007 5
GA-SVR LSGF 0.9735 0.0037 0.9752 0.003 1
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390 DA G 6 i EHE BN mil G vk e
e e i 00 B A Y U o B B, S T GA-
SVR R, FRAE 42 AT 7 GA-SVR 58 78 25 51 i
T B an & 10 fr 7, e i $2 BT GA-SVR AR B 2
O HTAH SN 3 TR o

P10 W7, A FH B/ 3 8 0 8 65 125 (Least
Squares Gaussian Fitting, LSGF) §" 3¢ %t 95 /9
GA-SVR 5% RUKS FE fc i, B0 il 5 ik 9 5 804
GA-SVR 5 BURS B Y 2z, Af 5046 O 1% 204 1
GA-SVRHERING e 2% . 530, 1 T2 H 0 BRI
RAYICIEEE™E, = FoOGig S8 e [/ —FE 5
AN TR) Y S5 1 T80 AE A AE S R RR R R B, A
U6 6T KR R T /IR A R e B T 5 R % B
KRB AEY R BIRRZ b s
W A& 2 R BE B o R T B Rl A
B /I 30 i 0 006 1 T 58l T A 5K s AE i
R Z W o BIIR A YOG & U DA

FRrE S - B stk . g5 A R3S —
0 BT T GA-SVR AR I 46 50638 B4 43 A
iF, 4 4E A9 Rp FI RMSEP 43 %1 & 0. 916 0 Al
0.011 7, 3 BB AU 3 528 53 B K 24 W 't B2 63 ]
FHPE VR A W b R B AL AR 2 ) R Y B AR A
S B X R B G T T B R
W3k 42 Rp 32 7F 2 0,950 1 (42 5 0h % 4 42 TF
0.034 1) ,RMSEP [ % 0. 006 1(F&1{% 0. 005 6),
B E T B0 fl A v T RGO R A S R AR RE 7 5 X
LSGF §" 7o £ 4 AR A, M4 Rp ik 0. 975 2(4%
R Ud B L BCHE Bl Ak 4 9 4 T 0,059 2 A
0.0251) ,RMSEP [£2 0. 003 1(43 4 5 0. 008 6
F10.00 3), F WA LSGF ¥ 72 895 19 #E i 15 B 3%
TERCR et o iF — 25 BRUE T 20408 Al A 325 iR/
T ofe R 0T AL R T R B B ST R N TE i R 22 A
IR IR A W) 6 B S BRI R AR R A
[P =R oy Vi

12 12 T 12
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© 101 % Reference © 10} 3 Reference © 10f % Reference
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g 4 S 4 24
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2 0 2 4 6 8§ 10 12 2 0 2 6 8§ 10 12 2 0 2 4 6 8§ 10 12
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(2) IR EIE A (b) $HER A (o) B/ e il A
(a) Original spectrum data (b) Data fusion method (c) Least squares gaussian fitting method
B0 RAE 4R ICAT 19 GA-SVR BRI 45 52 110 4]
Fig. 10 Prediction graph of GA-SVR model results before feature extraction
*3 BHAERPEREESFEXSH
Tab.3 Parameters related to the quantitative analysis of the model before feature extraction
) Training set Testing set Model parameters
Model Data augmentation
Re RMSEC Rp RMSEP C Y
Original spectrum 0.9739 0.004 9 0.916 0 0.0117 1.866 7 0.502 0
GA-SVR Data fusion 0.973 4 0.004 2 0.950 1 0.006 1 1.8353 0.337 3
LSGF 0.9735 0.0037 0.9752 0.003 1 1.8275 0.219 6

IR AR 5 T SR e B B i ke T 2 4
o R IR A o6 B T ML/ AR AR R 9 1
R LS 5 o P R T 0 2 8 R I AR T
ST, S OB RY G AT I ()4 R O T R A )

JIT LA P AR A 4 B v R BT g Jo ) A
Ry T3 WU A B R R 4 R, T LSGF U5 i
P70 0 B B2 R GA-SVR BB ffi i VISSA 5
3 B 43 43 B (Principal Component Analysis,
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PCA) M Jz /R #b #H 5 % %% (Pearson Correlation
Coefficient, PCC) X 4 5 115 #F 17 ¢ 1F £ B, #F 47
TR LS o AN [ R AIF i ISR vk A R i A BT
BCRXT LN R A TR o S5 R R W, VISAA 45 T4
B ¥ 0 F PCA F PCC Jr ik, 43 B H PR an F .
PCA Ak —F 0 Wi B W 4t 7 12, BLARBE RS A k25
I BSCHR ) %) A G P O AR 4 B (R AR B
ZERERM F Y, 45 5 AW T 22 B /IMA AL B
b 2545 B R AE D B, S SO0 B 2 T A RR .

PCC 38 2 1 56 3% R A 5 e B 22 18] 10 £ 1 AR O
PEIEAT O 1, ORI B T A OC M RR m Be L A
T GG AR 2 ) 1 22 T G M AL A RO
M Z N, VISSA BVEAE g —F ik TR A2 1 43
BT A W A i R U T, AR 8 TE A ik AR 4 A
23 ]RGS E S B 5 AR DU H AR AR i TE O TR
B KM R T TR B B X A R T R v 1 R A
HA . XFAUEH T VISSA B 75 Ab 31K i 2%
% 1R 2 /INRE A B B A R S R

x4 FRFERBREEEMNEESTRRITLL

Tab.4 Quantitative analysis effect comparison of different feature extraction algorithm models

Model Feature extraction Number of Training set Testing set
ode
method features Re RMSEC Rp RMSEP
Full spectrum 230 0.979 8 0.002 6 0.9752 0.003 1
PCA 12 0.980 5 0.002 5 0.976 8 0.002 9
GA-SVR
PCC 65 0.981 2 0.002 4 0.978 5 0.002 7
VISSA 54 0.979 8 0.002 6 0.982 6 0.002 3

R TS DRSO S ) B T R Y ) B AR
FH VISSA B3k 43 56 REAE 42 B2 S5 19 J5 4 Ol 1%
Bt B Al G AT TS 0 RROE DL R AR/ e e
LA B 70 0 B E AT AR AE SR I, M T GA-
SVR LI HEAT 22 d 40 M7 o R AE B2 B (1 452 7 25
ST P AN 1 11 B AR AR B IO R R A i 43 B
MRS HIN R SR .

114550, 5 0 A 42 BT A9 B 8 25 S 4
L, ff ] VISSA B AT FRE 42 BUS , GA-SVM

AL AU = 2 B HRE A L i AT R AR R T
—EREE IR T, £ VISSA Bk 78 B AR B s
4t B A [ B Be A R0 D U AR B AR U & i
R

0 ok % A A R 3 MR 5 R B, Al
VISSA B #E 47 FRIE $2 U GA-SVR #8743
BT D 4 O 3 HAHE B, D4R B 9 S 8 Rp $2 TR
JE e K RMSEP BRI B 55 K, 43 8080 fih 6 92
5 /N 3 e T 0L A T T A B e R A

12 T T T 12 - - 12 T T T
O Predicted O Predicted O Predicted
10f 3 Reference 10} 3 Reference 10} 3 Reference
2 8 s ® 2 ¥
E E E
26 26 26
> > >
3 4 2 4 34
Q Q Q
S (o :
& 2 & 2 & 2
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E) 2 )

2 0 2 4 6 8 10 12 ™2 0 2
Reference value/%

Reference value/%

6 8 10 12 ™ 0 2 4 6 8 10 12
Reference value/%

(a) [FaR e S (b) BudhRg A1 (c) e/ T il & ik
(a) Original spectrum data (b) Data fusion method (c) Least squares gaussian fitting method
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Fig. 11 Prediction graph of model results after feature extraction
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Tab.5 Parameters related to the quantitative analysis of the model after feature extraction
) Training set Testing set Model parameters
Model Data augmentation
Re RMSEC Rp RMSEP C y

Original spectrum 0.976 4 0.003 6 0.9525 0.006 0 1.756 9 0.9255

GA-SVR Data fusion 0.9791 0.003 7 0.960 9 0.005 4 2.0012 0.9756
LSGF 0.979 8 0.002 6 0.982 6 0.002 3 77.4728 0.250 2

(2% Rp A RMSEP 21k i BE 48/, & W T Jidh
JCIE B T A R 2 URHIE 5 T TR 52 R
TREARLE BT B BCR [ B R W] T VISSA
S AT DA — o R B ) 59 00 AR AE 5CE TC F R
TERIZ IR o 5380, Toie FRAEFE BUAT )G, GA-SVM
BEAYAE 43 Bt e/ 3 i 4L G ik i se g BdE
AT P BRI e, R T e/ e m T A
RAEY TR AR Y[R, BB A R0 I 6 AR
PRI T SRR . B TR
BT 285 B T LU v 8 P /s 3 s i 0L A 1k Bk
P 70 5w A VISSA FRAE 45 R 1% 57 1 GA-
SVR BRI AEM X AR b 1) R I 4f, Rp Al RMSEP
435014 0. 982 6 F10. 002 3.

5 & #®

A BT 5T X 22 400 1R IR & WO 1 A
NSRS S BOR R E ME 2 ARE ) 2
S IR) R, R T R T RO 2% I SO 35 H R 2
GEARY RN 5 A R e e BT T
WF 5% & WY, AT e/ 5 i i 005 15 (Least
Squares Gaussian Fitting, LSGF ) # #ig ¥ 7 % m&
TE i D) 70 808 1 (5] I, R AT 240 ] T8 56 AR i
PE, 52 T+ EcHls o, AR o A 28OR I T H 40 il
B VR EHE B FE R W R LR DG T 5 1 P AR s )
R0 45 3k (Variable Iterative Space Shrinkage
Approach, VISSA) A7 Rk $2 M, n] A 208 /b %
ST AR IR 5 W R 220615 h B TR AR B ik Tk
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