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ETERET R®ERHWEMKZRILIIMLIEEE S ITREG R

A5 RE OKF
(BeVERM R S 5 TR, V8% 710021)

B E I4/MEIE (Near infrared spectroscopy, NIRS)HAR T Z N HTEZ . &AL TAT LAY R =547
oo ARBRRAR L T R T 2 Y SR TR 2 I 245 193 1AM 2 40 H 8 (Multi-scale dilated convo-
lutional spectral network, MDCSpecNet) , iz BRI —ZEEFUZ . #itH—L2 . BRI LE . ZRIEP HER
PREE 28 AR R AN, Horhy , — 2B B2 R R AL 2 X U ST S A5 R AE B IR IR A2, L5 —
FRJZ I PHAIEL, 2 RED kGBI 2 XD GIERAE S T IS Rl G, 2 B R R R E( B T et 3k
N BE IS  A TRE BE RNz ARRE T . FIAFFRZG S . ). /N 4. RS =REMEa M0
TR AR T MDCSpecNet TR | I 5 —4E 5 FUA 22 M 2% (One dimensional convolution neural network ,
ID-CNN) . fhifse/N —3f 1 (Partial least squares, PLS) . ¥ Hf[#H1(Support vector regression, SVR)FIH KR
22 >J Ml (Extreme learning machine , ELM ) BBy 15 () T0M 45 S AEA 7% LU A0 AT o S5 R FRWT, #6 25 i IS PRl 43
(Active pharmaceutical ingredient, API) ¥ . SYRZAR S . SRS, BYKS&E. NEE
FUSTE R PSR PR = SR UM s T b | A T B 4 R, MDCSpecNet FERL RS 2 5351
BIT 16.0%. 36.7%. 25.1%. 22.6%. 34.2%. 15.2%. 22.6%(1D-CNN), 46.9%. 66.7% . 73.2%.
65.8%. 16.6%. 15.9%. 13.7%(PLS), 68.1%. 70.6%. 81.7%. 73.9%. 69.2%. 77.9%. 56.0%(SVR)#
62.0% . 20.4%. 48.9%. 85.6%. 50.4%. 13.0%. 44.6%(ELM). HT Z R KAEF L 0 241
MDCSpecNet BRI 1 A£G LLAMGIE @A EEAG BEARANZ AL BE 7 22 45505, ) JH] MDCSpecNet AR H#EF T
ZRYIB I LLAM G E TR A TRY

KGR ELAMEHE; BRI POIKER; ZRIERHMERLIS

A TAR G A2 00T i 4T /MGIE (Near infrared  spectroscopy, NIRS) B AR BAG PLE 41, T
VR | AR LA B (0 TG ¥ Y 5 W 2 A, P TR S AR TG o B e s 2B AR
FHTFA | A R 25 S5 AR 14 5 i 0T, 7 — B FIORG 1 25 ELIZ AL BE TR AT 2T S o
SYHTERLC A B, H AT, ITLLAMGIE E oA bR T 0 ARy A4 i B/ — 3l 1k (Partial least
squares, PLS) SN & kO IE VSR (Support vector machine, SVM) RN HL(Extreme learning
machine, ELM )7/l BP #1154 (Back propagation neural network, BP) 14 X LG i )y AR T
JCTEEEE I P B | HOE B i R A 2 GG SRS B 5 Bk IR AT RES I A TCHIME A | AR
BEAYATRIRG 2 oAb, G5 AR S A7 22 Ei R 2 M A5 (R T, 1% 0 A )y 123 0 TC A Al $ 31) A i
(] AP TERR 2R, R BB AL OIS B2 52 Ak RE ) T R

Bl TR 27 ST R, B AR Z M 45 (Convolution neural network , CNN) PRI BARHRAE 1 . K5 EE
A T EMGAC B, ¥ R B AN EiE b Horp  — SRR 2 2% (One dimensional convolution
neural network , 1D-CNN ) 4b B =5 AR AR I O 3400 40, W 0 s e EL GG A 4 U B0 B4 !
HFRAIE 873515 W AR Rl 5 0 26 4 IR B 3 DG B RAAIE | B T M 28 ST Y s AR TE b
BERORBAR AR IR 5 Liw 25 R G il A AR S T —Fh 1D-CNIN AR T4 vy 1 e
5 2B AT, HERERE R OL TAESERY 1D-CNN, Fok %8 306 R0 TR 5| AE] 1D-CNN Hf S2BL T
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BYRERMZH e T IR e R 2 T/ e d , BAS Bz fhie )1 A T r i o
ARWFFEHE T — BT 2 ROEY 5K AG T 28 I 28 B 21 AP OGS 2 Bt 43 Hr 7Y (Multi-scale dilated
convolutional spectral network , MDCSpecNet) , 7E9 5k U 28 W 2% ( Dilated convolution neural network ,
DCNN)H 5] AZ REEFHIERL A (Multi-scale feature fusion, MSFF)/E.;'\?{‘.E[14J KT LT AR 1 2R A R
FREHEATIRIG, LAZh . 9. /A2 AR VRN DL R = SR SUME BRI AR S A X G R R A 7 1A
450, 5 1D-CNN., PLS, SVR Fl ELM #H ., MDCSpecNet #5554 (1) T3k B LA K23z AL BE S 4 4R

1 SEIGERS

L1 BiEkR
111 Zm¥iEs

2y BHEETR B hitps:/eigenvector.com/wp-content/uploads/2019/06 , iZE a4 P 55122 Foss /A Rl ™
H913 %5 (NIRSystems Multitab Spectrometers ) K4 . ANFFE (i H E PR A& A58 70> (International Development
Research Centre, IDRC)2002 “Shootout” UHgHE) 655 424 HAEAS I K31 Bl A 600~1898 nm , 11K [1] b
A2 nm, 3£ 650 MK S . 25 IEPERL T (Active pharmaceutical ingredient, APD) 3451 UL 1, 25 5%k
AL 1A FiR .
1.1.2 BYHEE

BUEEEETR B https://eigenvector.com/wp-content/uploads/2021/04 , AR5 K AW E (Cereals  Grain
Library, CGL) " CGL IR 231 MYIREA A NIRS 508 | B KEFN 1104~2495 nm , 3% K 18] f& K
12 nm, 3 117 DY G BRI . A0 . FLIRERAUK & T L3R 1, 5 Y 8dE 4 O6 1 an
1B i
1.1.3 INEHIEE

INEERETR H https://www.cnirs.org/content.aspx?page_id=86&club_id=409746 SR WF3E R A IDRC
2016 “Shootout” K 248 4~/INAZ (Wheat ) FEAS [ NIRS i, LT FE N 730~1100 nm , B8] BN
0.5 nm, 2 741 NP H . DEFEAFE RGIIER 1, /NEBIEERDCIEINE 1C s,
1.1.4 HI¥iEE

PR AR YR B http://code.google.com/p/multivariate-calibration/downloads/list , A58 FH 4 475 (Milk )
BRI 67 MREAKE & BEAOLIE I 32 YORBOL T, ARSI 4 cm™, JEKAE R 1000~
2500 nm. A WHE FBTE R UL 1, Y EER A EEE A 1D FR
1.1.5 SilEEE

TRV https://github.com/qli067542/NIR , ARHF57 K 51 ( Gasoline ) B HE 1Y 60 ANEEA I
KALHI 900~1700 nm, P AL TAIE K 2 nm, 3 401 MRS FRIMEERESETT LR 1 7B oL
WA 1E FiR
1.1.6 =RERYEE

= REREIE TR A https:/github.com/RNL1/Melamine-Dataset , A ifF 57 BE £ = R FHE (Melamine ) 5L
PEAE Y 3032 MNEEATEATSC , K T 1599~1803 nm , BEAMEEARKERE & A 225 MK . =
Bt i ARG WL 1 B AR OGS AN AT 1F s .

DL B YR T Kennard-Stone (K-S) J5 5 #EA 7R 53 K AR A2 4% 822 1 LU A1) 43y I 28 A ik
8GRI 1.
1.2 1REFE
1.2.1 RBVEEHY

ILLLAMS ISR AL e 2 B A RS A G AURAETESR BOGIE P41 v OCHEF R i B2 B/
Wy BAHEENHE M SRS FUE A TERFE P8 th BN e 2 | 5 8l A U L, TR S AR R 28
T 1 [ RS2 B W 2 XA B T DR S | T I 28 0 T R B S AR IE A P AR
J1, TR R REAT R S O GIEAEAS 5 HX AP B Z A S 220G 2 o
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https://github.com/RNL1/Melamine-Dataset
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T AFERAR RIS PSSR

Table 1  Statistics table of true values in train sets and test sets for different samples

. " ) N bR
B Belinde FEAH BRA H/MH T Standond
Sample Data set Number of samples Maximum Minimum Mean L
deviation
M[EcS
g Iijiﬁ? 524 0.6373 0.4072 0.5031 0.0469
24 A API Train set
Tablets API (%) B
WS 131 0.5790 0.4110 0.4936 0.0416
Test set
I 2
) l?% 185 88.8300 0.0 30.5630 23.2787
RYEE Train set
Grain casein (%) MR AR
( A% 46 71.0400 0.0 25.7828 18.2253
Test set
IR S
g I?ﬁf 185 91.5000 0.0 32.8642 24.2101
KU Train set
Grain glucose (%) 3
Uhﬁ% 46 64.0400 0.0 20.9876 14.6371
Test set
UIIEEA
) lﬁ‘% 185 75.7099 0.0 22.4679 18.2771
BYIFLEREL Train set
Grain lactate (% M4
) WS 46 68.1299 0.0 36.3680 18.4292
Test set
Iz S
g I?ﬁf 185 24.2900 5.3000 12.0852 4.2558
BYIIKAY Train set
Grain moisture (%) s
Uhﬁ% 46 22.5499 6.4200 15.1559 4.3625
Test set
Ik
) lif‘% 198 18.6900 7.9700 13.5463 2.1179
INETRH R Train set
Wheat protein (%) kA
WS 50 18.5000 8.7000 14.0174 2.0292
Test set
PIEER S
g I?ﬁf 54 3.4790 0.8287 2.0546 1.0128
LS A=n Train set
Milk protein (%) 3
Uhﬁ% 13 3.3503 1.0254 1.5781 0.9281
Test set
Ik
) lif‘% 48 89.6000 83.4000 87.2104 1.5129
baRl e e Train set
Gasoline octane (%) AL
WS 12 88.9000 84.4000 87.0458 1.5275
Test set
plExS
. 2426 44.2000 —7.0000 19.4185 16.4952
R e Train set
Melamine turbidity point (°C) 3
,{I{JITQ% 606 43.0000 —-5.0000 21.1196 16.7010
est sel

7 (Note): APT, 253 PE 43 (Active pharmaceutical ingredient).

AAHFEFE B MDCSpecNet BRI T AR B fitIH—LZ . SIRMALZE . P RG22
JV JZ A A e e R A, AN E] 2 firs . Horp i AR B BUZEE 32, BRIV 5x1; 4t
—ACJZ ALy 325 SRR E T LR/ 2, /NI RECR 25 2 ROEY 5G4 I 2%
n AR R SRR IR AT 0 D BA AR FD KRR 0 B RS R, BERREH 158 32,
BRI I/NG Y 3315 FCOARYZ; A Zam it 4o 1, Joillos sl

R T ERFHY KRB 2 XIS B SR IGEE ), AR RAEY RGBS M8 th g | A T 2 U
NERG AR ST T — P2 REY SRR FA 2 W 2% (Multi-scale dilated convolution neural network ) , Hi45f4)
FIanE 3 iR o FEIZMZE T SGIERFEE A W9 5k R 0 sk PR I 2 RBEAFIE RS 20 2 R
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K16 FB R AT LL AT (A) ZHREEARS s (B) BWWIREAR; (C) /NEREA; (D) FUHEA;
(E)TUlREA; (1) = REUHEA
Fig.1 Near-infrared spectra of six data sets: (A) Tablet samples; (B) Grain samples; (C) Wheat samples; (D)

Milk samples; (E) Gasoline samples; (F) Melamine samples

MFFAEIFS] Add 1, Add 2, Add 3 2 Add n #4738 SORFHRAE A URFIESS B Add, PR BRI SRS T
7 R, Horb R Block (RRA Y 3R AP K EFL,

MDCSpecNet AU Zhid F2 Hfd ] Adam DRALES , YIZRFE YRR 200, VIR K/INR 16, WILR >
FFE R 0.001, [RIHF B2 2] R R E R 0.5, I %22 (Mean squared error, MSE ) #5125 PR
MSE & SCAnF

MSE—— Z(y -y’ (1

iy By RS | A REAS ) B E AR FUNAE s n SR REAR R
1.2.2 EXFEIE
FTY IR BRI L M 2545 3 MDCSpecNet £25 SGIERHRAKUGE T ABTUZ . b2 . ZREY
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. . Fully
Tnput Convolutional Ba.tch . Max-pooling Flatten connected Output
layer normalization layer layer layer

Dilated .
: - : - h ‘ ; - convolutional - - :
neural network

F2  ZREY SRR Z 40 E - HTHE AL (MDCSpecNet ) 2514 (&

Fig.2  Structure diagram of multi-scale dilated convolutional spectral network (MDCSpecNet)

Feature Feature Feature
extraction fusion extraction

iquocklxﬂ AddT -

»|Block2[/ \ Add 2 |-
(' Input —DI Add I-u->| Block 1 |—>| Block 2| .. |Block nI--P(OutpuD

-Ebl Block nI :I Addn I—
l

K3 Z Y KGRI RS54 5]

Fig.3  Structure diagram of multi-scale dilated convolutional network

SRS 5 422 LI LLAD IR X 5 5 SHE Y Z AR SC & B AL an ] 4 s .
G, REFEA R LLAM G B B B SHE, R BRI F R G BB SRR TR ISR, J5hR ot
TEHE ARG | Je B A S R E AL A BIHO G AL | BERD AT HE ) — (450 R bR et . b B
J5 BGTERRAE P 9 A 22 RUBE D™ 5K 45 AR 28 i 3 JHC B0k 28 A i IO [) S SZ BB 1) D' 1 AR E  Rp i it
BRI B AR R B B AMRRIESS S, FF il SRR RS BT IR 2 AR DA 42 , Tl SC SRR
G 28 V- R AL By — AR P 41 148 4 1 R IR A M RN Z R A BN . TH SR S B S
MSE, I H Adam LAt A S BGHA TR | 1152 DL b 72 B R IR GA BIBOE (A, AR AR
MDCSpecNet £,
1.3 =BT

AW R PRI FE AR 23 3 2 5 1R 22 (Root-mean-square error, RMSE) . #H5¢ 244 (Coefficient
of determination, R*) . AXF/3H71% 2% (Residual predictive deviation, RPD) . & 3EMAEbRAHE AT

2
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Real
values
Set epoch Initialize . ¥
Start Measure —> Dataset H»| and batch [—»] the model | Training MDCSpecNet Prf:dlctlon MSE Loss
XY splitting . data values
size parameters T
Whether the epoch
are met
Y

€s

Optimization
model
parameters

K4 MDCSpecNet BRI B LR . X, TLAMEIEREARSE; ¥, IELIAMEIEREAR BYX(E; Epoch, 5
RIYNZEEL; Batch size, FEASHLIR K/ MSE Loss, ¥ TR 241

Fig.4 Algorithm flow chart of MDCSpecNet model. X, near infrared spectroscopy sample data; Y, near infrared
spectroscopy sample true value; Epoch, number of model training rounds; Batch size, sample lot size; MSE Loss,

mean square error loss

N 2
Y0, =y)
RZ — i]:Vl 5 (3)
> i—y)
i=1
_SD
RPD = pyrer 4)

Hob, i Jy; 3B AR RS § REAS B ELSE AR ONE .y W BUREREA BSER P I(E: N
BARAE AR SD A BINAEREA RObRERE 5 2X(4) TR RMSE Sl iR 2z .

2 SRSt

TSN ) AR h 4 SRS B R N2 1 540 5 S BGHE T, LIRS Sy e iRl . [l
JETEZSah . AW, /N R RIS = R EREE & X MDCSpecNet. 1D-CNN., PLS. SVR #il
ELM #5775 i el 25 A 7% e A A, SESeri it an &l 5 B . Horr, 1ID-CNN %A 7 162 6
JZIEEA 1A MARZ RN AN {02, BB 2 i i, SRS 5, 0K 1, B
Bom¥y k32, PLS i 5 538 LB UEIUAL T AE AR 5 (Latent variables, LV) | 6 BB XTI AT =50
MR8, 10, 8. 6. 7. 8, ¥R Sigmoid Wi rR%L. SVR i I MAK I R AT S A6, ) 0.001 .
0.01, 0.1, 1, 10, 100, 1000 £10.0001, 0.001, 0.01, 0.1, 1, 10, 100 HFEHH: Gamma S F
80, I H RBF VEMAZ pREL . ELM £ 6 FPEda g X hy i Feoll)2= S 800 5 22, 23, 20, 18, 19 Al
20, AT REAIEILE Pytorch2.0.0 HEZL A Sklearn1.0.2 HEZE L) K2 Numpy 1 Pandas 54 2 55 2058 R 54, I
TE NVIDIA GeForce GTX3090 | ill%:.,

2.1 =B
2.1.1 ¥FikERMEMEhERBEHITER MR

Shy g ST TN B A LI 46 254 G BRI 2 AR LIV EE 48 A 5], #2537, MDCSpecNet 1571 ¢
AR rh ) g 35 B 22 [ 25 (1) Block 2506 F DU 1k i 1) 52 e A 7 %68 LG 4B o 7E 5256 Th A8 Block J2 4K
h 0~12, [FAIEF N O FFAS3E e sk S AR 26 I TG 5 SR BKAY Block 22, [RIFR 2k 2,47 5K 40 1~13, [H] R
K2, BRIPEAGIZE . #fH—L2 . B2 V2 S 2E )2 a5 2800 kA 4t
HEAT 7 S, SR A R AR 2.

H 22 2 A4, 24 Block J2BUNT 6 B BE# Block JZEE I, A= AU 4E /) RMSE 2 #7 R [, HAR A
RPD {HIK; 24 Block ZHUKT 6 If, i Block JZEE I, EANNAE RMSE F 4R35k, RPD A8/ H.
PR A DRI | OISR A BT R B T4 R A R 28 X 48 () R~ B 1 I, S SR A 0o Bl )z ke g
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Spectral
data input
v v _ v v v
LV Number Automatic £ Parameter Hyperparameter Hyperparameter
lection optimization o selection selection selection
se hyperparameters
PLS SVR ELM 1D-CNN MDCSpecNet
| | $ | |
Model evaluation
Result output
(RMSE, R?, RPD)
End
5 SEg iR R
LV Number, i§7EAS BB 8t ;s PLS, fiB/N "3k ; SVR, SCRR BRI ELM, #RFRZ I HLEIA; 1D-CNN, —4E 51
ZeF%%; RMSE, BB T RIR 2, R @SR AL RPD AN
Fig.5 Experimental design illustration
LV Number, the number of latent variables; PLS, partial least squares; SVR, support vector regression; ELM, extreme learning machine
regression; 1D-CNN, one-dimensional convolutional neural networks; RMSE: modeling root-mean-square error; R?, correlation
coefficient of calibration; RPD, relative percent deviation
# 2  Block EHS TRINPEREAS LI FR
Table 2 Relationship between the number of Block layers and the predicted performance
s Dz WS o s
it i i WX RS
Block number RPD Model parameter
R RMSE/% R RMSE/%
0 0.9736 0.2402 0.9578 0.3137 4.8690 3425
2 0.9791 0.2032 0.9665 0.2791 4.1690 9633
4 0.9778 0.2193 0.9733 0.2492 5.3675 15841
6 0.9847 0.1860 0.9751 0. 2407 6. 3454 22049
8 0.9676 0.2583 0.9650 0.2855 5.3494 28257
10 0.9675 0.2326 0.9673 0.2760 5.5333 34465
12 0.9576 0.2996 0.9533 0.3298 4.6310 40673

H:(Note): e IMAHLAY B A e fE: Block JZBUERI A FIIZE S (The data in bold in the table is the prediction result of the model when the number of
blocks is optimal),

F17AR 2 FEALE BTG IS . 2 Block JZE0H 6 I WAL P BE B H S50  , WEiisAl S50 5
TMPERE , E4F Block J2ER 6 1) 2% 250 HEA T/ 2250 5K
2.1.2 AEYKEFEENEEEREXT L

LA BR AL A 1], % MDCSpecNet Fh 4 gk 45 R 28 [ 25 (R R [l 4 5K SR N BRI M R iR 47 53
By, B =4 3% Dilation rate=1, 3,5, 7,9, 11; Dilation rate=3, 5,7, 9, 11, 13; Dilation rate=5,
7,9, 11, 13, 15, BRIPH B )2 LHS IR BIRIE S5 R an & 6 s .

& 6 P BEE D TR0, MDCSpecNet f813)11 2545 1 RMSE AR AE 19 RMSE $748 K | A ADkS
FEREAR, BR324 ELAT T K 1) 842 BT i 2 ) B B i B 5 A ARAAE (R iy sk sl 2 5 i ot
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04

|:| Train set
B |:| Test set

03 |

RMSE/%
o
)
T

0.0 : : ;
1,3,5,7.9,11 3,5,79,11,13 5,7.9,11,13,15

ErE)

Dilation rate

Ko AR skARBEE TR Ay i fE

Fig.6  Predictive performance of the model under different dilation rate settings
ZWFTTE (AR 2% rpid 2 A GO T 20T, AR TOLRERRIE , 5200 2% 18 0 1 B B 4R 15
B TS RORE BE AR . PRI, B 265 ) 9 5 M) T S S R B ey 4 7 R I S S 0 4 1B B
Dilation rate=1, 3,5, 7,9, 11 #47. MDCSpecNet HERIZ #0531 I3 3.,

3 MDCSpecNetWéﬁ%ﬁiﬁﬁ%ﬂ“i
Table 3 Parameters of MDCSpecNet specifies network

[ 2 )2 S
Network layer Parameter
AP
%fﬂﬁéﬂl 0
Filters
HBIZ BRI s%1
Convolutional layer Kernel size
EIZIS 5
Stride
HtH—b2 FRHE R 0
Batch normalizaion Feature number
BB .
R HAL)ZE Kernel size
Max-pooling layer o |
Stride
Bk
P 1,3.5.7,9, 11
Dilation rate
BRWE R 0
Pk B2 4% Filters
Dilated convolutional neural network LR RN
3
Kernel size
EIZIS |
Stride
R iRy G |

Fully connected layer Units
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2.2 BHEETAREETEERIH

B UEREIY B T M RE SR MDCSpecNet, 1D-CNN . PLS. SVR Hl ELM #iEIXF 24 5 . 4. /)
& AL PRI AN = SRR (R 2L AT AR AR I S BB AN R B 4 A T 25 SR (3% 4) #EAT
XF AT

H 2% 4 A] %1, MDCSpecNet BERIZEZS i APL & . SYIEIARE S & . YIRS 2. KK &
. NEBEATE S RN E G E S = R U S I 2 3 A, LK 4E 1 RMSE B 23 51 R
0.0068., 1.1751, 1.0106, 0.2340., 0.4103., 0.2654 F12.8533, RPD {H4l°~ 7.5908 . 13.6421. 19.6000
19.7147, 5.0406, 5.7544 F15.9236, A FHE 4 P /77 , MDCSpecNet BRI A4 ) RMSE 4331

T4 RFEBE S  A R A RS

Table 4  Statistics of prediction results of each model in different data sets

- - 4 i g e
MR b Train ot Toat oo HAPSM R
Data set Method ~ RPD
R RMSE/% R RMSE/%
MDCSpecNet 0.9616 0.0073 0. 9649 0. 0068 7.5908
1D-CNN 0.9967 0.0023 0.9504 0.0081 5.6495
Zhdh APL PLS 0.9057 0.0144 0.9049 0.0128 3.2431
Tablet API ’ ‘ ‘ ‘ ’ ’
SVR 0.8289 0.0191 0.7724 0.0213 1.5745
ELM 0.7193 0.0248 0.8138 0.0179 2.4358
MDCSpecNet 0.9939 1.5175 0.9933 1. 4392 12. 8193
1D-CNN 0.9910 1.9212 0.9923 1.5263 12.1590
Y,
ﬁ%%%ﬁ PLS 0.9834 2.9933 0.9842 2.2908 7.9555
Grain casein
SVR 0.9702 4.0160 0.9787 2.6541 6.8666
ELM 0.9989 0.7568 0.9974 0.9194 19.8219
MDCSpecNet 0.9960 1.3683 0. 9935 1.1751 13. 6421
) 1D-CNN 0.9912 2.0107 0.9822 1.8553 8.0319
ﬁ%’ﬁ]ﬁ*ﬁ PLS 0.9577 4.9758 0.9269 3.9554 0.8575
Grain glucose
SVR 0.9462 5.6124 0.9101 4.3863 3.3369
ELM 0.9980 0.7701 0.9790 1.6541 18.5333
MDCSpecNet 0.9930 1.0364 0. 9966 1. 0106 19. 6000
1D-CNN 0.9949 1.1265 0.9940 1.3498 13.8916
S|
ﬁ%?[‘mm PLS 0.9713 3.0943 0.9668 3.3560 0.7965
Grain lactate
SVR 0.9591 3.6931 0.9288 49151 3.7494
ELM 0.9801 0.7517 0.9892 1.7391 18.3056
MDCSpecNet 0.9942 0.2823 0. 9969 0.2340 19. 7147
1D-CNN 0.9942 0.2952 0.9947 0.3024 15.0782
Y V. yi
/H'CF//J kﬁ PLS 0.9759 0.6597 0.9725 0.7223 0.7860
Grain moisture
SVR 0.9720 0.7121 0.9528 0.9474 4.6043
ELM 0.9985 0.7189 0.9872 1.7209 18.3011
MDCSpecNet 0.9421 0.4671 0. 9627 0.4103 5. 0406
1D-CNN 0.8927 0.6499 0.8802 0.6237 3.7175
SN
ik Hbﬁ PLS 0.9650 0.4006 0.9511 0.4267 4.8274
Wheat protein
SVR 0.7492 1.0723 0.6426 1.1539 0.8091

ELM 0.8530 0.8208 0.8619 0.7171 2.8337
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£3:4%4 (Continued to Table 4)

. o MIES S MR LE .
FICITE S HARIT T Train set Test set MRS o Hrin 22
Data set Method RPD
R’ RMSE/% R’ RMSE/%
MDCSpecNet 0.9276 0.2212 0. 9825 0. 1226 7.5671
1D-CNN 0.9647 0.1792 0.9329 0.2402 3.8628
1
t':,w ik E”,ﬁ PLS 0.9342 0.2596 0.9580 0.1901 0.7943
Milk protein
SVR 0.7029 0.5520 0.8716 0.3324 0.8621
ELM 0.9885 0.1082 0.9729 0.1305 8.0978
MDCSpecNet 0.9809 0.2020 0. 9698 0.2654 5.7544
ID-CNN 0.9883 0.1391 0.9579 0.3131 4.8782
NN vy =3
“fﬂﬁ&k’“ PLS 0.8526 0.5807 0.9618 0.2983 4.8921
Gasoline octane
SVR 0.4231 1.1490 0.4461 1.1367 0.8613
ELM 0.9868 0.1734 0.9689 0.2885 7.1719
MDCSpecNet 0.9677 2.9087° 0.9711 2. 8533" 5.9236
— L 1D-CNN 0.9757 2.5161° 0.9507 3.6856 4.5398
Melamine turbidity PLS 0.9581 3.3747" 0.9608 3.3053" 5.0528
point SVR 0.8623 6.1204 0.8490 6.4891° 2.5736
ELM 0.9027 5.1436" 0.9049 5.1494° 3.2433

7 (Note) : FHNTHLAYEE A~ MDCSpecNet #7841 AE T 25 5 (The data in bold in the table are the test set predictions of the MDCSpecNet
model); a, B °C(Unit is °C),

THET 16.0%. 36.7%. 25.1%. 22.6%. 34.2%. 15.2%. 22.6%(1D-CNN), 46.9%. 66.7%. 73.2%.
65.8%. 16.6%. 15.9%. 13.7%(PLS), 68.1%. 70.6%. 81.7%. 73.9%. 69.2%. 77.9%. 5.06%(SVR)#
62%. 20.4%. 48.9%. 85.6%. 50.4%. 13.0%. 44.6%(ELM),

75 6 PP AY TN ) 1ID-CNN, PLS. SVR Hl ELM iUl 24 RMSE 5illi 4 RMSE 478 fL 8 1
i, H — e R A A, 1 MDCSpecNet #5581 fy TR HI/INUST BB IR Y k6 B -
G, TEAE A7 B A [RGB 0 S 880, TR SR P b Ak 5 1R DU AR | kit f T AR 30 7
2idh . B INEBRE I = R IESE T, MDCSpecNet B7 ) RPD {EH 24T 1D-CNN, PLS,
SVR 5 ELM, R7E Z A4 I B Y 434 12 2 BB AR MO X TR A5 B A 28 I 8 i ) 10 DG B i Rk
PR |, [d115 MDCSpecNet #5151 ELAT &5 192 AL BE

SRt — 2 X Lo BT A5 A R A (] — 5 A L A T 45 SR | 3TN B A B S A AR D vk T
B X T 25 AR BOS B (B 7)), Hoh L T S S A Bk M T 4 Fhaiior ik,
MDCSpecNet [ TINCR B4E . MDCSpecNet FE 7 [ [ 45 25 44 RE A% 1 i SR B Ui 635 Hh 10 S BEARRAIE , DA
A BERNE G 5 B SEZ AR 0C &R | BRI, X /N2 B o 7 i BLSCE LA e I LT 1ID-CNN., PLS,
SVR I ELM. /& 8 rh AT =BG HeBdE 4 i MDCSpecNet #1282 45 22 B Epoch 284k £ mT %0,
BRI AT AE 200 FE R USSR AT 4 > R R G R ik 5 LS R DK

25 TR, MDCSpecNet A58 1) 22 RUBE D™ 5K 36 Bl 28 I 45 1 0 o A AR BBO G IS 300 1) 2 AR R 7
TR I TR A IS . 7E 6 PR AR A T, MDCSpecNet A58 751 352 1Lt 48 v 14 T 0
K BRIz AR RE T, o] FH T 2R o (1) 7 1 53 #T
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Fig.7 Predicted wheat protein content distribution point diagram of different modeling methods
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3 #it

MDCSpecNet fEh— Rl 21 AN E BT 28 sk BB 2 M 248 I A T 2 RUERRIE LA
M3 2 REY TR M 28 M 45 2 URIRL & 22 RUBEGRERRE , vl 4 2R E LMD GIEREA HEF T 5 5 AT o
MDCSpecNet FEHY (7 A J238 12 4 BV E XG5 B TR S I, HET— (02 TRk, ik 2
BROHER T R AR N ITESR TOGERHMEG R . AR SRR BN 2 R E G
SRR RSB NS R & o A 32 REAR Aol R 1) S SR ER AE HEA TR ME R | LA ST U ER O
SRR ESEZ M B R . 2R EESE L3S MDCSpecNet B HFN 45 SR /R | AHAE T PLS .
ID-CNN. SVR Fl ELM, MDCSpecNet 15 8 HLA7 B 47 i SNG4k R 0T . AR REFW , R
MDCSpecNet #1TIT£LAMGHEE BRI
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Quantitative Analysis Model of Near Infrared
Spectroscopy Based on Multi-Scale Dilated Convolutional
Neural Networks

LI Qiang, CHEN Bei’, ZHANG Fang
(School of Electrical and Control Engineering, Shaanxi University of Science & Technology,
Xi'an 710021, China)

Abstract Near infrared spectroscopy (NIRS) technology has been widely applied in quantitative analysis of
pharmaceuticals, food, and chemical industries. In this study, a NIRS quantitative analysis model (MDCSpecNet)
based on a multi-scale dilated convolutional neural network was proposed. The model consisted of a one-
dimensional convolutional layer, a batch normalization layer, a max-pooling layer, a multi-scale dilated
convolutional neural network, and a full-connected layer. Among which, the one-dimensional convolutional layer
and the max-pooling layer performed preliminary featured extraction and dimensionality reduction on the original
spectra, the batch normalization layer accelerated the convergence of the model, the multi-scale dilated
convolutional neural network extracted and fused spectral features, and the fully-connected layer linearly
represented the feature information, enhancing the model’s prediction accuracy and generalization ability.
MDCSpecNet prediction models were established using publicly available NIRS datasets of pharmaceuticals,
grains, wheat, milk, and gasoline. The prediction results were compared and analyzed with those of one dimensional
convolution neural network (1D-CNN), partial least squares (PLS), support vector regression (SVR), and extreme
learning machine regression (ELM) modeling methods. The results showed that, in prediction of the content of
active pharmaceutical ingredient (API) in pharmaceuticals, the glucose content in grains, the lactate content in
grains, the moisture content in grains, the protein content in wheat, the octane number in gasoline and the cloud
point of melamine, the accuracy of the MDCSpecNet model increased by 16%, 36.7%, 25.1%, 22.6%, 34.2%,
15.2% and 22.6% compared to 1D-CNN, 46.9%, 66.7%, 73.2%, 65.8%, 16.6%, 15.9% and 13.7% compared to
PLS, 68.1%, 70.6%, 81.7%, 73.9%, 69.2%, 77.9% and 56% compared to SVR, and 62%, 20.4%, 48.9%, 85.6%,
50.4%, 13% and 44.6% compared to ELM, respectively. The MDCSpecNet model based on the multi-scale dilated
convolutional neural network addressed the issues of low accuracy and poor generalization ability of traditional
NIRS modeling methods, and it was feasible to use the MDCSpecNet model for quantitative analysis of NIRS of
various substances.
Keywords Near infrared spectroscopy; Quantitative analysis; Dilated convolution; Multi-scale feature fusion
(Received 2024-09-30; accepted 2025-02-26)
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