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A near-infrared spectroscopy quantitative analysis model based on bidirectional
gated recurrent units and gated attention convolution
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Abstract: The widespread application of near—infrared spectroscopy in fields such as food, agriculture, and medicine has raised
greater demands for efficient and precise analysis of spectral data. Traditional quantitative analysis methods for near - infrared
spectroscopy face limitations when dealing with complex nonlinear relationships. To address this issue, this study proposes a
quantitative analysis model for near—infrared spectroscopy that integrates Convolutional Neural Networks ( CNN), Bidirectional
Gated Recurrent Units ( BIGRU ), and Gated Attention Mechanisms ( GAM ), named CBGA —Net. This model extracts local
features of spectral data through a multi—layer convolutional structure, captures temporal dependencies using the BiGRU module,
and enhances the focus and optimization capabilities of key features through GAM, thereby improving the model’s expressiveness
and predictive power. Experimental results show that CBGA-Net achieved prediction accuracies of 96. 7% and 97. 5% on grain and
diesel datasets, respectively, showing significant improvements compared to traditional models such as PLS, RF, SVM, and BP.
Specifically, in the grain dataset, CBGA—Net’s accuracy improved by 2. 7%, 2. 5%, 7.3%, and 5. 1% compared to PLS, RF,
SVM, and BP, respectively; while in the diesel dataset, the improvements were 6. 8%, 7.2%, 8. 6%, and 7. 4%. Additionally,
the model’s regularization and pooling strategies effectively suppressed overfitting and enhanced the model’s generalization ability.
This research provides an innovative solution for quantitative analysis using near —infrared spectroscopy, fully demonstrating the
potential of deep learning in complex data analysis.

Key words: near—infrared spectroscopy; deep learning; Convolutional Neural Network; bidirectional long short—term memory

network ; quantitative analysis.
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Fig. 1 Near—infrared spectrum of the sample
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Fig.2 CBGA-Net model structure

BRI 5 — R oy B — e B U2, m e 5l A
RellU $#76 RS 98, P38 2 #5 KTt Ak J2 A8 35040 0
GRZMWH B RS, X B EREAR T
IIREE A R 1RO [a) Y R

B, Ak 0 Hh 2l SR 2 TR 3
DI N JE 2200 GRU J2 , (A4 s [] 7 51 5008 4%
2, R IR]FF Z0 R &b B 1T, AR 41 55 1 A L[]
GRU )2, %—JZ(GRU_1) BA 128 M HoT, IF

B IR M5, R A 2t B A I 1a] 20 1 45
FOUMEMLSE T —2, %2 (GRU_2) M AA
256 BB IT , [FIAER [ 5 3 | i — 20 B B 8] 7
IR R AR AR IE . XL GRU Y 3 T fifi 45 A5 A
REA% [F] Iy 2% SR A 1] e 91 55 08 A A /S A5 2, AT S 4f
Hi A PR AS A H 0 Sh SR AL AT TR AR

TE GRU i th 2 J& BRI G AT T 140 = 1 LI
JZ(GAM Attention Layer) , 1% /28 ] Dense JZK 1154



12

ERHL, S BT RIS M B R 2L R B AR R 77

PIEEACE, I8 N T GRU Al |, A s 8 7
HEAT TN B i 6% O 1 DG B AR o MR R I LA
BT R AT 45 5 DUk fue R 6 3 B R R AE  BE
PETF TRIRI AR BN, MG TR AT R

B2 B 2t e S A B K 22 2 B A A e
YR DA Ry 4 1 2 I s AU RS, &
T TN S IR 1 REAE S 380 s ) R
FFBIAAESS 7R 2 3 B B, 152 0t 2k sR K
¥JJ5iR 2% (MSE ) , I8 Adam D4k 88 9547 Y11 2%,
Adam PEALRS PH [ 38 2 20 R 0 R PR Bz
F, BERSAT SR THE TR A YN 300K | i AR R e 55
Fi ) A S B0 R A A SRR
1.2.2 CNN itk

£ CNN iz et frh  f— 2 % B &R D T
— 2 E LT —Fh iz 2L BRI, A
el i B RUZ bR e R fE i R
(R 25 5 3 2o 3k ol 2 J2 4% 3 AU 2R R AL T, CNN g
% 1 B2 ) NIRS 08 i 2 R AR R R OR A 3L
ffr e TAESEHLAS S > T R AE AL B 22 22 N 45 | kst 1T
If6 B4 AR A A BRI B AR 78 42 % B ) s o) 50 X T
5E— NIR Bt , Hh & N AR « = [«
DOPTR N B & 1 Y PO s A = I S B DAV
B W5 A FRUZ G A B0 DEAT )R R R AR B I
RBEEBE RN N b x kAR R X, W5 B
.

Z[j]zZW[i] X[ +i-11+b (1)

Horp, WORE B ; b W B0 Z
Je B R
BALE 10 i W A2 0 R AT R SR AR AL
R R AR
Plm] =maxA[] (2)

JER,,

Hrp, A[7] FR 0 H ReLU 34T sR AU B S
MRIEE, R, Rt AL s D3 s i X, dR ), il
o 0 A A S Y R E A GRU TR Y
fANTEAR
1.2.3 BiGRU #bk

BiGRU #1737 1) 177 4% 1 25 . JT ( Gated
Recurrent Unit, GRU) ZH 1%, 43 5 Zb $ Fy 51 59 1 =) A1
Bl s B . GRU A 45 B ) AV 8 ) i B AR 1
o BOHEI 20 o F A R, BRIECIRZS ok, , BT
I'1(Update Gate) z, TRE 1 241 I ] 20 A BRAECIR R,
POZIR B 20K B R — I ERERRES A, AR Z D

K EY R AS R, HH ARG 0,1], B
PRI 2, Y R/E R 0 B 2R BT —RE A,
YR 1 RFSEAE YRR b, .
z,=0(W, xx, +U, X h,_,) (3)
Hip | o & Sigmoid BIE KA W, NI «, X
PR U, S HT— B BCR S b, X I A AL
gl
B E ] (Reset Gate) r, YexE 1 R — B[R] 25 A B
RS h, -, XA DS RERRAS b, IR H
ISR X Y EE T E R 0 B, 3R 208 [T B
FECIRAS , AR > AT A\ A AR s M F [
1 W 5E AR B P S A B SR A B 2
r,=0(W, xx, +U, Xh,_,) (4)
Hrb, WA v, R BACE R, U, A HT—
BRBCRAS b, XoF I AR A ER L B
{3 B2k 25 ( Candidate Hidden State) ilt TEAR
P YA v, A S S 0 HT— BRECRAS A 1
T T A R 2 RS b, o TR A
=W
iz, =tanh(W, x x, +U, X (r,Oh,_,)) (5)
Hrp ) © FoRHE MR SRARIE, r,Oh,_, FRTE
TGRS I H 8 ) 05 me, RO TR
LI RT—IRZS A AR Bl B Bk
& b, BIEANTR L,
h, = (1 -z)Oh,_, +z0h, (6)
SOl b, BT ¢ BRI ; 2, T
o BT T A b, RETEIE ¢ - 1 B RROECIR
755 b, WL | AR RRIR
TEAL S GRU Hy  BEARY HRE R Iy S0 A% 8 e,
TCARBARNT 210 B R 3UFE . FIERAps T
AR 24 BT AL RS RS AN AR AT g 5 K8l | 30 52 B R OR AR
B A5 R BIGRU 45 44 5 IR 3X A~ BRI
Wik 3 Bz, BIGRU il id 2 45 1E 18] 5 S 18] )3 51, 6
SRS LR FEAE I R AL RE /7. 78 BiGRU H, T
I A RO S P R A i — S R Ak
A BALBRALE], SEBTT 1  SE R M BRI s
FRRORE SRR BT TR M R
HRTTCICHY Py S BB A F R, , T i B B BCR 285 U fig
e 28 BRI AS SR HERT B 05 8 . X R T AL A8
BiGRU REE7EAL BT 2T A3 A5 40 o) 58 A 8 b A 2
R SCZ IR U G 2R | G kA AR [ T, DA T J
FARTHEAINS S R SRR B e ) AR MR



78 o ok ®m o5 N A 5515 %
?\1 ?x‘ ?\ =~ ’
h_ -—} 1 - GRU | [ I .

} .

GItLr

@ \.

(a) JRIFHY BiGRU IN /5 W £ 2%

‘ -

(b) HA~ GRU HItl 4= H 45

l3 BiGRU &8I £544
Fig. 3 BiGRU model structure

1.2.4 GAM fibk

GAM W FEZ e BT B AGE , I Rax
A S T BiGRU fR % i, LAAE B A A 1 ) REAE
IR, GAM B SR BiGRU (%t , % AN o7 i 2

FHERE AR B0 RS A5 B Sigmoid pRECKS X
LEAR PR A PR A R A
a, = Sigmoid(W, X X +b,) (7)

Hdr W, BACE R b, RIRET; X N RR
BiGRU Hy%i i 31,

e, TR B8 3 B T AE XS BiGRU 19
AT IMBCR AN, DA i AR RE RS V, IR
X

V= Za,HL (8)
Hrp, q, %%/ﬂﬂ“ﬂ’uf AR, H, RN e
4] ¢ B BiGRU Hy%i .

GAM FEH BRI T .
BHiE1 GAM B,
1) R BIGRU % th 11 iy A5k
BWIN GRUHKIM H(K/INHT xd)
BN BCERFFE WOR/NHR d xm)
BN WE b (KK m)
2) R R 5y
scores = [ ]
for ¢ in range (T) :
score_t = H[t] X W + b

scores. append ( score_t )
3) B4 i Sigmoid PR AL AR S ALE
attention_weights = [ ]
for score in scores

alpha_t = Sigmoid( score)
attention_weights. append (alpha_t)

4) THAE IR R 7R

V=0
for ¢ in range (T) :

V += attention_weights[ ¢ ]o X H[ t]
5) R IEAAURFIE R R V

return V
IWwERS T EITL

BT ARSI P A S 2T G Aot S 0k
T TRAGAT, 435S T PLS SVM  RF \BP LI
CBGA-Net #5141, BAAR SIS I A 4 i, B
PRI AN 5T 42 H AR L 2 2 F TensorFlow > Al
Ketkar *" ¥R 5 > FEAG L, i) PLS  SVM  RF Fil BP
RIS T Scikit—learn HLEs7 > )

2

i A CIE B
TE| (BB | (28| [2% | [2%&
Bt g HerE HeFE HeHE
r::. 3 ' .r.-:'u CBGA=Net |;P I!‘I-
o BRI
R? RMSE MAE MAPE
8 )
B4 E@igit
Fig. 4 Experimental design
2.1 FEIERR
B 23 ) B AN SR Y NIR B0 A B LA

o1 L R A R B AL 43 Sl — S IR AR
{D“ AR, RN LA 10 4732 SRk 9 7 U B gk 4R it
175256 . R 4 DARFRIFAN AR A PERE , A 45 70
(R)) FIZEXIUE(R,) WPLE REL(R?) | B4 7
M 1% 2 (Root Mean Square Error of Prediction,
RMSEP ) F128 XUHIE Y 77 #1522 ( Root Mean Square



12

ERHL, S BT RIS M B R 2L R B AR R 79

Error of Cross — validation, RMSEC ) %3 J5 # 1% 4
(Root Mean Square Error, RMSE) 33 % X} {3 7=
(Mean Absolute Error, MAE) F13F 5 48 Xt & 43 Ho i
72 (Mean Absolute Error Percentage, MAPE) , Pt
FEPR I E LA

> ()
R=1-"" P (9)
Z(y/ _5’)2
j-1
1 ¢ .
RMSE = /;;(y,- -y’ (10)
~
1 n ~
MAE = — > Iy, -y, | (11)
n -
1 & |y -F,
MAPE =— 3 |2 "0 k1009 (12)
noj=i Y;

Forpr ) n FOR DA TR 1 BB 5y, FoR T
TRREAR B9 SEPRBE sy ST BR AR PP B 3 {8y, SR
RUHRMA s F, 2R 5 j A BUNME; R® IMEAE[O ~
1] Z 8] ; R* {8452 1, RMSE MAE 5 MAPE A1
AN | T ISR g i Ry, S A
2.2 ETF CBGA-Net HE B LIGHFAE R K D47

WX CNN Ml BiGRU #E47 @il & WOk, #4215
#l| CBGA-Net #5271, IRFCL 2RI EE 2 I HESR S B
Xof TR A O 0 AR A b, o CNN £
R TGS ] 1 AL R R Y5 1 22 RUBERRAIE, 1B
6T AR A B BT BE 77 BIGRU 3% T k3%
Bh R | 3 A R ) AL sl S Ak R R MR 4
FPHMRISOC R, A SR T A 4l 1 R 1R g
PPEACRRAE S8R , B 5] A GAM HILHI 2 ST 54
TIFE B AN R, SCH S I BE A 118 1 R 4 s g
TURRIE KA AR A A, 8 117 $2 6 1% S BT (R RS B 5
R,

T CBGA-Net BRI A Y1 2L AN G FRAE D
B AP 5 (a) iR , B B i im 7 5 26 1
JEr FAER YIRS, 1 150~ 1 240 nm P BN C-
H B A 4R Sl 35 A0, B R LB 1% iR
5 1 L AT E 5 1 490~ 1 550 nm % Bty N—H % —
AT AR Bh, XN AR I R B AT R A I
1 880~1 920 nm T O-H/N-H 145 -5 th 4 5 &
W, 5 R A LR B AR T e 5 el i e
HH5 ;2 060~2 180 nm P BHAL A O-H -2 il &
W, K 4y B R S S SR . N-H/C = O 4 &4
XF 7 IR BRI B AT 52 310 ~2 430 nm By C-H B
s - dRsh A0, LR REUNE B e T

B I B RRE

SEMEIESE Y CBGA —Net R AE % K404 ti (& 5
(b) Fi7m , 35 F A A0 B AT 21 71 W0 R A P 5
B 780~ 830 nm WL ISCIE ] BB S 55 A 248 I 1 55 &L A
ARPRBNIN 3 ARG , R AR TR P 4R S 300 ) K 38 1)
Rl , 2 B A D 111 55 19 IR WAC 06 5 3% Bt 980 ~ 1 090 nm
FEIFE T A ER DA NS MR, &5 &
RRBRARAE 0 I BE 1220~ 1 310 nm A F5 IR Y
J7 S AN PR 3 5 A 4 ik 2h A 0, B B
SR HR T I7 R BUOE R, B 1 420~ 1 460 nm
F11500~1 550 nm [0 VA & AT BB Y N 55 36 105
Az AR,

H1 L AT UL, CBGA —Net 455 A1 15U51 114 /55 o3 ik £ 4
TP 5 HARY R A Ak 2% B g A 76 B A et
I ZR GRS M AT PR S T 2R i )T 2T A S L
it AR T ST T O RRAE 5 AR AR 8]0
HEMLRIEZR  BEI T CBGA-Net B (1 i B

1.0
09 I
0.8
0771

0.6 |
051

Absorbance

041
0.3
0.2

0.1 5 !
1000 1200 1400 1600 1800 2000 2200 2400 2600
Wavelength/nm

(a) A% SE
1.2
10 F
0.8

0.6

Absorbance

04T

0.2

ot

-0.2
700 800 900 1000 1100 1200 1300 1400 1500 1600
Wavelength/nm

(b) Sem¥dinsg
5 BYHUIREMLHBIREN CBGA-Net HEKK ST
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Table 2 Prediction results of different models on different datasets
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