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Abstract

Adding artificially generated spectral samples to near-infrared spectral correction models is an
effective method to enhance the prediction effect of near-infrared spectral correction models, es-
pecially when the number of modeling samples is insufficient. In this paper, a method of generat-
ing near-infrared spectral samples based on Adversarial Autoencoder (AAE) is proposed, and the
spectral samples generated by this method are added to the near-infrared Gaussian process re-
gression modeling set to enhance the prediction effect of the model. This method is based on AAE
model, using the coding network to map the low-dimensional feature distribution of the spectrum
to some prior distribution, using the decoding network to reconstruct the sample points in the
prior distribution to form the NIR spectrum. Therefore, this paper successfully generates spectra
from three typical NIR spectral datasets using AAE model, and then applies these generated spec-
tra to Gaussian process regression models. Experimental results show that the proposed method
can effectively generate NIR spectral samples with the same distribution as the modeling set, and
improve the prediction performance of Gaussian process regression. In conclusion, AAE has the
potential to generate derived homologous spectra and amplify spectral numbers in some small
sample sets.
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BRFEABCR R BN, SRR AT I E PPIRES, BRI T I L0/ G A U A (1)
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Felal AR B/ IRSCHEMENLEE . A AN TR PO R, — SR R AR (E VAT R B T
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Figure 1. AAE structure diagram
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Figure 2. AAE for wheat sample network structure; Encoders and
decoders have symmetrical structures
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[ ()] 3)
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I IR EAE AT I — Ak, AT RMBRIR AR E m(x) N E.
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y:f(x)+N(0,an2), (5)
Hrp f(x)~GP(m(x),k(xi,xj)) I H o? R FEGRIE . Y IR A

Y ~N(0,K+0?), Q)

e K =k (X, X) A nxn BOXERRIE S W5 240 B BERE P ) K = (%, %, ) F8s £ () A (x; ) Z I i)
FHRME . 5 —XPREAS (X, . ) BEAS IR, #R45 GPR f95€ X, lufhrji(f(xl) (%), £ (%), (%), F (%))
FE6 n+ 14ER A mTRENL A, 1008

Y K+o’l K
{f(x*)}N[o’ K. KJ' @
o Ko =K (%) K (%% ) K (%X ) o K (%0 %) |0 K =K (X, %) o IXBERFFA:
P(y*|x*,x,v):N(K*(K+a§|)’1y,KM—K*(K+o§|)’lKI). (8)

R AT A AT LA x 0 y. FIBNME, JFH MR 20 DR EEE. W 3 s, BEfEKX
1] £ 98 FE IR TR AN E vk, BYEAS X RN, BEWI UM y. 20 A 105 2280/, R GPR BT
TiZA TR 815, ke, BEXERE, B0 GPR AN THIA KBS, wheHEEEN X
BOFRIAE R . [Nk, ASCAEM R GPR BB RE R, 5 TIME T 2 KEOHEATEIT AAE ZE R 7S B
Gerb, Al TUE y. BAE R AT B S, AT SRS R A

3. SCOEgIT
3.1, ¥iE

FEARFFRFEH 7T EAAALHIRE, SHERDT AAE NHEAFRE SO BER AT . 85— s
LAET 215 MEWFEARIE, 6 Infratec Tecator {25 K&k, WK JGHELE 850~1050 nm, HrFE
AJEBMEEFIKS . BBUAEARSE[20]. o MNEEEA S 248 NINERYE, FHGE B A 0
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Figure 3. Gaussian process regression
3. mATEIEmEY3

KA, PWAKIEHEAE 730~1100 nm, F A FEAE M B 5 & (available from
https://www.cnirs.org/content.aspx?page_id=22&club_id=409746&module_id=239453). 5 = MEERE T
462 A~ HHIEL 7 R862 il % (1) = SR JUI% - HEEFEASYE, M FT-NIR JGi CREOGHE, H A B ke
RegE g R R EMREE21].

3.2. L

SEUG =AM T, BB N SREK - WEREAEIE AR 3:7 IR IR
APREE, EINGREL T ARG, WL ISR NEAR GPR AL FR, MRAEAE 46 %L
PEVNREREAKI & AAE RS E, IR B I B AR R I S Bl AAE FEAS A I 2R B A i
TEREA, DAK E g fis 38 i S MR 22 A0 B B FOUE TR, DARAR I ZRERE . Boa, SR e R (RO A8 7
MR 25 (RMSEP) KUl AAE FEAIE SN /IMEA GPR BRI TF R . EAbTEFR R® 1 RMSEP, &

XA
RMSEP(,9) == >-(¥ -5, ©
(R0
Rz(y,y)zl—':nl—z, (10)
Z(yi _7)

Horpn ZFEARNE, y RFEARRIESE, vy, 2% | MEEARKTONE, ¥ ARANRER 1.
T A R AR LE & U B b7 7O, o e R B FRRCAS A Intel Core i7-7700 HQ CPU, 8GB
RAM, NVIDIA GeForce GTX 1080 Ti, Python 3.9, Tensorflow-GPU 2.6.0.
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Figure 4. Probability density curve of real sample and generated sample
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4.2. FIF AAE 4 RAEAIESE GPR &R

X T AR AR B AR AAE ZEBE n (n>1500 ) MEAR, DARIEAFEARR ZFENE, 50 750 F H
IGREEREA R GPR B, Sl I A NS REAATE] m (m & T REARNRE) DA 7 2, A T7 230K
RIS TR 45 RN 1, 7 22O RS AR H AR (B TGN HE, BB IR I 2R e rh b H AR
EFNS LR AR AL &, AT LA SR G 5 10 7 R oR b IR m AN 5347 7 22508 R IR TR SAAE A i ik
AR A JE AR RS IR HE, R ZE B n MR I SR PE RS RGE BT B A E R (1 m MEA, JPRIZ m
FEAME G IRAEAS . SR, KGR AR TE B FUUGHE A YIRS v R s I 2R, Ao P08 9 P I 2 R
s GPR MR, FLAEIGAEE LA PR RE S B 1 B g s M RCR , skieaf Rk 1.

Table 1. Experimental results of wheat and R862 data augmentation in re-
gression models. A represents the increment of training set samples, m
represents augmented samples
= 1. /&M R862 HURERIIRA hIZRMAILIELER . A RINVIGER
ARRIIBE, mRRE AR

GPR
Dataset A 2

R RMSEP

0 0.8495 0.8262

Wheat %; 0.8573 0.8046

m 0.8708 0.7655

0 0.8094 7.1547

R862 %; 0.8664 5.9804

m 0.8943 5.3277
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DA 73 A VS ML AR A G 5t [ R R SR R U 2,

Table 2. Experimental results of meat data augmentation in regression models.
A represents the increment of training set samples, m represents augmented

S%n;?lgsﬁl?ﬂiﬂﬁ?’f@UH*ﬁiuﬂFiggﬁﬂq?:EﬁZﬁ%oA FRNGEHAWILZE,
m PRI HR
GPR
Analyte A
R? RMSEP
0 0.8199 4.229
moisture g 0.8813 3.4333
m 0.9044 3.3681
0 0.8638 4.7094
fat % 0.8798 4.4251
m 0.8991 4.0549
0 0.7787 1.4337
protein % 0.8133 1.3169
m 0.8240 1.2783

W AAE FEAAE AR =Bt S B ECRIUH ISR ACR, JF HAERE N s MR 4R LK) GPR i g
AT, Bt AAE BAARHIRKIISSIRE S, RS 58 SR AL B vl mi [ 5 70 M 10 o 1 1 F) 7 72 0
RRZR, MR MERIT AN R AT N s =Y 7E.
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