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B AR e 1) S WA . UG 25 SRR W] AE 58 BUBHE B 98 5, R H NIRDM _CycleGAN 458 78 X A 4% 3t 47 [ W T 3fF — 25
P2 e TR A AL PERE o AR SCH A AY TN AR B ( NTRPM _CNN ) JUAS S (3 T5000 45 2R, T00I0 £ 7 AR ¢ 2% (Root mean square
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Near Infrared Spectral Detection Method for Maize Protein Content
Based on Improved CycleGAN

Wang Wenjuan'?  Lii Sidou' Chen Ming'? Zou Yibo'? Ge Yan'?
(1. College of Information Technology, Shanghai Ocean University, Shanghai 201306, China
2. Key Laboratory of Fisheries Information, Ministry of Agriculture and Rural Affairs, Shanghat 201306, China)

Abstract; The abundant protein in maize is important to human health, and accurate determination of
protein content is fundamental to variety breeding and nutritional evaluation. Near-infrared spectroscopy
(NIRS) was used for the non-destructive measurement of maize protein content. However, NIRS
instruments and biochemical reference assays were costly. In addition, the feature-extraction capability of
conventional machine-learning methods was limited. Accordingly, a near-infrared spectroscopic method
for maize protein determination based on an improved cycle-constraint adversarial network ( CycleGAN)
was proposed. Unlike most studies centred on generation tasks, a CycleGAN-based data-denoising model
(NIRDM _ CycleGAN ) was innovatively adopted to further denoise the generated spectra, and the
processed data were used in subsequent experiments. A feature-enhancement module ( ISE) was
introduced into the NIRDM _CycleGAN model to strengthen its denoising capability. After denoising by
NIRDM _ CycleGAN, a median filter was applied at the spectral end to suppress abnormal peaks.
Experimental results showed that after data augmentation, prediction performance was further improved by
denoising with the NIRDM_CycleGAN model. Comparative trials demonstrated that the prediction model
developed ( NIRPM _ CNN) exhibited the best performance, delivering a root mean square error of
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prediction (RMSEP) of 0. 032 1, a coefficient of determination (Ri) of 0.980 2, and a relative percent
deviation (RPD) of 7.118 3 on the test set. To address the limited NIR sample size, the proposed

approach was applied separately for data augmentation and denoising of the raw spectra. The dataset was

expanded. As a result, detection cost was reduced and testing time was shortened. Thus low-cost, rapid,

and accurate non-destructive NIR detection was achieved.
Key words: maize protein content; near infrared spectroscopy; NIREM_WGAN; NIRDM_CycleGAN;

NIRPM_CNN
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AEBE L B 0E S E Jvk E AL
PR LIk FIVRE T 3 S e Jy W AN RE B 9 77, L
R RE AE S 00 25 P S, AR U S5 e A 80 b 0 R
TR FH () K AE W, X LA TG A2 £ b 7 4G I 25 w5k g
RUPEREESK o PHIL A PR e SR FoRE A
Jo I vk LA B A o S N R

AR, Bl 25 2 2L RAR I D & 4T
HRCTE R AR B WA AR A w5 E, O ZMHT
AP AR T B A TR R B L
i 2 2 BT A] X 1% B s B O I Y E A R e s
BIARSE AT AT H AT X S B 5K £
L% TUAL B R U B 0 1k SR ML AR 2 2 LAY J T
B 4R T TR0 B 25 Y HE T R B B i R 3R RO
I 2T AP G R Ak F8 A B0 M P AR R AS 3
o ) R o B N T 2 — o R R ) A A )
JE RN T L0 A6 A R A AL 48 b b I 5%
TR B o I TR B 24030 T A B R A TC 45 A T
Sz N H .

B 8 5 vk RS AR U T L SRR AR S A B
FEAS, A 2082 TR B 2 A Be J7, OF B ARE LG R
B R R A I 2 A AR RO T R Y
BCAS 46 S A I B R R X O S B A St 8k
it 15 5 AT AL A B8 v T TR G T N & o e 7R
WA ey R A $R IO B 9 IR
It B AT 8™ A 5 I R B0 o A A — S 8dis . 4R
S, A= i X Pr M 4% ( Generative adversarial network ,
GAN) ") S kA 7 5 340 30 48 =2 ) 1 X 47 911 5 9 0
R B o, AR R IBOGIE AR 19 I RRAE . GAN & 8
BN T I 4 A AT R AR G TG A A ) 45
B, GAN % J& B il i 0 W 1. AR Ok, X
B[ 17 - 20 RIS TRIZE ALY GAN #5578 X 3% 24 4
PEATHCHE o A R T TR AR . RR IR Yy

il

R A [A] 28 L GAN A5 AU X 0 S5 A A 3 47 Bl 4 43
S AELAR X 39 98 5 ) BOHE S8 ik — 2D B MR AR BE 7
Az it B, GAN G H LA A 4 3 1Y) B BT 7 ) AR
ol I I AR e R R S A RRE A, 7RI
ok AR v A AR R A B e i LSRR AR A3 A, AT
ABEHLTE R ZFEPE o TR, X 388 58 J5 1) 8080 A7 [
Mg b ] g — 20 4 T O o

BEXS b3 [, AR SCHRE HY JE T Wasserstein i 5
5B B AE 5 A R B M 2% ( Wasserstein  generative
adversarial network with gradient penalty, WGAN —
GP) "™ ¥y 550 4 484 38 458 8 (NIREM _WGAN) | 3 T 4
WA W X Bt B 4% ( Cycle-constraint  generative
adversarial network, CycleGAN )" i [ M 4 71
(NIRDM _ CycleGAN ) 55 £ F — 4 5 B2 # 28 W) 2%
( One-dimensional convolutional neural network, 1D-
CNN) 1 £ 2 B AL ( Multilayer perceptron, MLP) K]
T A AL (NIRPM_CNN) X Ji 46 A 7 0 17 T 4k 2
B FLSEREAS  5R ] NTIREM _WGAN 52 51 A= i 55 o
HHHEA; Al F§ NIRDM _ CycleGAN #5 % %f NIREM _
WGAN YAz il B R A 0 47 B W, LA PR AIE 2 R A5 B
TN 4% T B SRR {4 NIRPM_CNN (1D-CNN | ff
F¢ /N .3 [ )9 ( Partial least squares regression , PLSR)
37 457 0] 42 91 U3 ( Support vector regression, SVR) 5
RN REA AT A

1 #R57F*

1.1 HERFESTLE

Feng %1 % 91, R FH K B A= x4t I 4% ( Big
generative adversarial networks, BigGAN ) 5 oit #f iy &
F RS B9 A X B W 4% ( Style-based generative
adversarial network 2, StyleGAN2 ) 4 5 A= 1l [&] 14 1) Sk
RS I D R IR AR AR B KR B B R R U AR
1o HUNGAEAR DI, A AR 5y i U5, L B
PSRN GRae A, BRI AR B Y AR A A o b a3
SEMG IR RIS B R 1 E RSy o AR IR IR T
il B REA ik = 22 4 M, 3 LA AR Ay i B o A ORE A
YRR R WA G BT AN R LA 5 B SRR AR o3 A
I A A o 1 o ) SE B Y REAS AR AL, &2 1 3 5 AR
KR R R AP R R . BB FEA MR 9t — 2297 R, AR
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JoHE PR R, 3 ¥ O LSRR AR A, HL A R 4
FEPEBARAKT o Zha 551 % 9L, B2 DI 26 8008 4 40
B3GR, cDCGAN Az iy D4 5 18 K dhs ot A AR v
TERE TG AR 5 HAR IRk p T 7
JE AR FEAKR YR D F 80 A, BEHE KT 4040
TR A A O JE R AR A, OB Sk 80 AR
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Fig. | Near-infrared spectral curves of original samples
S e K /N IH — Ak 3 T bR S B (Z -
Score) Y 5 fH K Ml L B T PLSR 5 5255 R B 52 X
Bk (MCCV) 19 5k 22 4r 8t F1 2 JC 83 A& I
(Multiplicative scatter correction, MSC ) X} i 4if £f 4%
PEAT AL B, FIr A REAS (T RO L SEREAS 42 i B T
Witk CycleGAN (1% K2 1 BT &5 2 2L ARG A 7y

HEERZ2
EEETR

Perh BiR T A 3 7 B NIREM_WGAN 25 NIRDM _
CycleGAN #E AU NIRPM_CNN #5254 1,
1.2 ®ERE
1.2.1 NIREM_WGAN #7Al

P& 1 1) NIREM_WGAN #EA8YA] J T/ A T 21
AP s S HOE R R B e IS A U 5.
1 NIREM_WGAN #5& BUHE 5 RN BRE 8, &5 44 4
K2 iR, 5T MLP () WGAN — GP £ R1A I,
NIREM_WGAN A& A5 Ji A% 32 1 ™ 2% v i 1] — 4
Fe BB TUZ AU Lk 2 76 R0 50 25 3 T 9 45 vh 4 )
— B RRAE LR o it — 2D i i R Sl
JE RN AR 58 P, I B0 AR JOREAS B i, 5 A DL i
DAL TT 12 060 2 > A8 FNBh 2 A 1) 28 M5 G B 2 Mk
FrvRAL . R A A8 R Jay 7 3% 2 5 AL L AL
FEARTEREAE 42 BRE 7 (9 [] B b 3 0at 20 ] I 25 2 8
i, NIRRT 33 5 AR 6 T #9500 S i 1 30 . R
JG A 4 W — AL Bl AL R 7S ) i SR IR B O (8,
100, 1) fy5K i, Horbr 8 100 1 1 435 e it i KN
WIERAFI K, BT, 2 E A EHERZ
it 19— 1k ( Batch normalization, BN ) J2 | £k {4 #& i B2
JG ( Rectified linear unit, ReLU) 2 HI X fif] 1IE 4]
(Hyperbolic tangent, Tanh) JZ 19 4= Al 28 & 1+ W 4% 4k
UG HIEARAE Ty (8,1,701) o 1 51 45 42 Wi A= 1B
A5 B SREA I Ry (8, 1) B ) 51 3 £,
8 Rt RN, 1 o H) il 4 0 A g AR
s 1A o K
1.2.2 NIRDM_CycleGAN #& 7l

$21 f NIRDM _CycleGAN 4 %I 7] % NIREM _
WGAN FERIA: i FEA JEATRE M AR B, K NIRDM _
CycleGAN BRI B K /N IE 16, 4549 a8l 3 fr
/No BT JER CycleGAN HEAY 327 165 7Y A6 A J 4%

HEBRUZS
SRR

HREEHES

R

@ HIT—1Z2 ' LM HIATTR

# 2 NIREM_WGAN #5725 #4)
Fig.2  Architecture of NIREM_WGAN model
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HHBIEE P gI AT — R AL B B ISE . ISE
A B o R 4 R il A bR ( Squeeze and excitation , SE)
HEATRACHE | BB A% 1 35 N7 b B o R E A A, B AR
UCEL I TH AL E . NIRDM_CycleGAN &8Il 25 By B
Zi5 R B/ Z 3t it 2k A6 BR — BOvE 4 2k A E
SRR 401 R, B DR IE B TP P 40 1) S, AR IR
ISR A . BRI 25 58 BUS AR OGRS R
Uit PEAT B UE I, E— 20 25 R W P 4000 o) S D {1
5 SE B L, ISE M e e [ 3l N 1k 8 K 46

KIZEL

8 T8 77 )RR AL 1) e B B A G GE R 3 AT,
I LA R 09 Fog /0N T 406 38 %) 4% 4l R A7 38 18 5 AR E
e f A Tl i AT BRI RS e R AR A R
FEAR 9 (16,700) B ¢ AE 5 B 28 0 AR AR 9 265 1 4>
Atk IR ARAE Ty (16,256) ,16 FKon it K/,
700 FoR FFAEZE BE o B, R A 5K B K K 2 RelU
JZ ISE ik 55 2 A2k )= \ReLU JZ \ISE #EHLFIZ
3ANEZ IR E B AR IR AR 4R L o A R AR T
SEREAS AL 5K S0 28 0 A ) A% 5 A BB AR O (16,1)
4 53 5 R

Stz

AR 4%

ISEfLHR
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T

I35 R 2

l:lzf‘f’ﬁ%‘?ﬁiiﬁ}fﬁ [ REGEE - R LR PR T2
3 NIRDM_CycleGAN #5578 4% f4
Fig.3  Architecture of NIRDM_CycleGAN model

1.2.3 NIRPM_CNN %%

K H] NIRPM _CNN 4 5 Xf 4 A o 47 g 4L, 8%
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Ji7R o 546 1D-CNN #EAUAH i, NIRPM_CNN #5744
TERRIESR L7 P25 J5 51 A B & 1 B S (CSG)
AR A 55 et G R O B A S TR RN
MLk @RS, A, NIRPM_CNN A1 fj 1
M3 A Ak XF B & AR Al 3t (Adaptive moment
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BRZE3
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J&i . 48 Sigmoid pRERL ] 45 0 XUy 3 i R AT 4R AIE Fil
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Fig.4  Architecture of NIRPM_CNN model
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> B S SR AR, AT 3 R R A B, B
ARM(32,1,700) 1 5K 5 &40 % —4EGFUZ (BN 2 |
Ak )2 A1 CSG AR B () REAE 42 i M 45 4k B I, HoOE
ARAZH (32,256,17) . BliJ5 , & & F )2 J5 HOP Ik A8
H(32,4352) JFMKIK G 4 2R EEMY . n,
RN AR S (32, 1) 7Y [ ) 5000 E
1.3 MR
L3.1 FEARBEIE R R

K F Fréchet Inception i 25>’ ( Fréchet incepton
distance, FID ) | & {H {5 M ¥ ( Peak signal to noise
ratio, PSNR ) | f7 /K i #H 5 £ %X ( Pearson correlation
coefficient, PCC) i1k #4) #H L #4: ( Structural similarity ,
SSIM ) 4 Ffr PF-AN 5 bm DF-Aki A5 RS R 1 o8k Mg A 720 % i
Hort, FID # /) PSNR #Jc , PCC il SSIM #5231,
FE WY A PR R g oA MR AT L P R BT
1.3.2 PO AL A 46 4

S 10 46 24 77 AR A% 22 (RMSEP) | F) 4 ok iE
AR ( R?. ) F AR XF 4> B1 1% 22 ( Relative percent
deviation ,RPD ) 3 B P-4y 5 A i 2 455 B 7 I
Horp  RMSEP #2305 0, R, #8235 1, RPD K, £ W
o) A5 Y 1 e A

2 HR5WR

2.1 NIREM_WGAN # R $iRI8iR 4 R
2.1.1 EE SRR R

K B K e/ H — 46 % NIREM_WGAN #5 7Y
Yl S ik 7 v A URE A B SRR AR 1 R e i
AL B, IEXF T AR I 255 U (Epoch) T M 2H A%
AWEE S RAAAE, LRE R RV, 7EIIZ
W 1215 W, A B S/ ME T P4 f 8
(VR QN 1B VR B S N = SN 2N a8 i v I
$ NIREM_WGAN B8 72 Il R 58 ik ok 1 215 B 4=
B R A AR Dy 5 AR AR OBCHE , OF T e 2
30T o

Girt T H AR NIREM_WGAN #171 i 44
[ N R iR A (= A N1t A G SR A N
B0, b o B e AR, S5 R 3R 1 s . HL5E
FEA R (1R & i F 3 8k 8.682 5% , NIREM _
WGAN BRI A AR B A & = 8 Hh
8.704 4% , —F AR WL . BROVF BN, HHLREA
1 NIREM_WGAN 1  f5 28 A= il e AR 8 1 T 5 /2
RS AR AR LA T . R 1 AT, AR A
Grd B in il O N B VA S QNG R VA 4 G O o 4 & I 1B
PLECI R R 420 B R 22 RN
2.1.2 JERLLAMGIE A G SR A R

23 A R AR 5 L SRR A TS R 1 7 B

F1 BEIHAF NIREM_WGAN B A KEAE QR
& EME LB
Tab.1 Descriptive statistics of protein content in

real samples and samples generated by

NIREM_WGAN model %
R G HAAREARE N NII?E}\A_WGAN (%
Jo A ROREAS B 1 B
/M 7.654 0 7.556 0
U4 i Kk 8.3380 8.3429
HREDE- 8.5520 8.5763
1% 8.6825 8.704 4
[ 4 43137 %1 9.0210 9.1105
R 9.7110 9.6509

2, AnE S Frzs o HIELS AT, 2 4% il 2k 4 1A 3
— B, AR A AU SRS R, R J=) 08 0 BE AT A7 72 40 it
EIRZE S

075~

— HSHEA
— A

O | 1 1 | 1 1 |
1100 1300 1500 1700 1900 2100 2300 2500
P /nm

IS AR e A 0 L SRR A S 24 000 3 il &

Fig.5 Average near-infrared spectral curves of

generated and real samples

K GAN L IK i & B B A 50 M 4% ( Deep
convolutional generative adversarial network, DCGAN )
T Wasserstein 555 09 4= il 6t P 45 ( Wasserstein
generative adversarial networks, WGAN ) X} EL 52 £ Ax
Y 8, i+ % GAN . DCGAN,WGAN F1 NIREM _
WGAN 4 Fift 42 jlg 5L B AR il RE A 5 0 52 A A ) 1Y
FID .PSNR . PCC FiI SSIM 4 I 48 %5, 45 Han 3 2 B
No HZE 2 A1, NIREM_WGAN R A il b A 5
FLSEREAO LG B o0 Al — Bodk e H, HE FID (PSNR
PCC 1 SSIM 435 & 0. 011 3 ,43.381 5 dB.,0.999 7
0. 988 4, Boiil 1 245 AU £ e B dha A 1l b A9
H

F2 AMERBRBENERTETHER
Tab.2 Quality evaluation results of samples generated by

four generative models

i FID PSNR/dB  PCC SSIM
GAN 0.0457 31.2456 0.9951  0.953 1
DCGAN 0.0301 34.8653  0.9979  0.969 1
WGAN 0.0224 37.4396 0.9988  0.9799
NIREM_WGAN 0.0113 43.3815 0.9997  0.9884

2.2 NIRDM_CycleGAN #& B B 1% 4% 52
K H NIRDM_CycleGAN #% %1 %} NIREM_WGAN
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Y A R AR EA T [ M8 I 2 1) A R I R R 5 LS
FEASS 2 a3 th £, 25 R AR 6 Pz o th 181 6 WA,
NIRDM_CycleGAN H5 7 [ e J& A A 5 F SRR AR - 1
i 2 L e 2 H G . 5 NIREM_WGAN #£71 Af

JERE AR SF 20k 3% i £ A L (18 5), NIRDM _

CycleGAN 5 Y [ W& 5 A SF- 249 516 31 o 2 50 - ¥
5 AR i e A B R B 1 — 2
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| — Ak
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0 1 L | 1 | 1 |
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Fig.6  Average near-infrared spectral curves of

denoised samples and real samples

X Lt NIRDM_CycleGAN U 7 35 FH b 28 ) 4% ( U-

architecture convolutional networks, U — Net)rm Zill

CycleGAN BETUFEMRAERE 25 R 155 3 TR, NIRDM_

CycleGAN #5% 7 [ W M GE 5 4, 4 T00 38 45 4 51 K
0.006 5 .48.260 9 dB.0.999 9 #10.998 7, 4432
F155 3 0], NIRDM _CycleGAN & %1 f& I 5 FID
0.0113 R[4 % 0.006 5, PSNR [y 43.381 5 dB | F} &
48.2609 dB,PCC (1 0.999 7 | F+% 0.999 9,SSIM f

0.9884 FJ} % 0.998 7, I iR45 % W], NIRDM _

CycleGAN HE7Y ELAT W] 0 f14 [k M R0OR, , BB A% A7 20400 1
W FE R S AR ASAE 20 A1 5 A5 K AR DL L T T
SREA  BEAA TR

®3 IMEREMRETMEER

Tab.3 Quality evaluation results of three denoising

models
1557 FID PSNR/dB PCC SSIM
U — Net 0.0112 45.8955 0.9998  0.9978
CycleGAN 0.0094 46.6708 0.9999  0.998 1
NIRDM_CycleGAN  0.0065  48.2609  0.9999  0.9987

2.3 WMAER
2.3.1 A[RBERIEA RV REA L 6% 3 0 25

%t e NIRPM_CNN 1D-CNN PLSR #1 SVR 7 #1
TEHSCREAS SRR AR Al NIREM _WGAN Az i BE A

(IR B9 + AR B”) L B S A AS Al NIRDM _

CycleGAN [ JEFEAS (TR PR B3 + FEIE™) Y
PR RS b, AR AR 4 Pos . a4 T e R
P SEREAS b 47 s A I, PLSR AR B i 00 8 BB 4 T
NIRPM_CNN ,1D-CNN FI SVR #i %, J RMSEP R’
1 RPD 43514 0. 069 2.,0. 921 2 1 3. 646 2, fF EL 5L

FEASFN NIREM_WGAN #5724 i A A | L S A A A
NIRDM_ CycleGAN # 7 (% Wt J5 FE A< B 4 YIl 45 1),
NIRPM_CNN #4571 35 00 % ik f¢ £ , RMSEP 4 0.032 1,
R A1 RPD 43514 0.980 2 1 7. 118 3, [A] B}, th % 4
AL, B A B4 R T DL NIRPM _CNN | 1D-CNN |
PLSR #l SVR # 8 : g

x4 AEABRBELRRAHELRLHTNER
Tab.4 Prediction results of different models on different

sample sets

B A FE A RMSEP R} RPD

PLSR 0.0692  0.9212  3.6462
SVR 0.1122  0.7930  2.2497
1D-CNN 0.0978  0.7592  2.1094
NIRPM_CNN 0.0976  0.8451  2.6300
PLSR 0.0665  0.9273  3.71238
SVR 0.1062  0.8144  2.3237

B+ R
1D-CNN 0.0532  0.9454  4.2866
NIRPM_CNN 0.0399  0.9693  5.7166
PLSR 0.0611  0.9386  4.0401
SVR 0.1001  0.8351  2.4653

FL + P
1D-CNN 0.0471  0.9571  4.8359
NIRPM_CNN 0.0321  0.9802  7.1183

2.3.2  JsUBRARAS EiiE X 4 R0 A RS F) 5 iR

M 80 A I iy B A v 43 0l B AL 26 B 70 A AT 60
MREARNE I Se S m P AL IR AR A . 1 5 R
3 B TR BTk X P 2 DG A A R AT AL PR A
3 W 2H B SRR AR SRS 43 8 ] NIREM _WGAN Al
NIRDM_CycleGAN #5L R 36f 19 21 LS A A 47 K 4l 14
i A A B W % )5, {8 ] NIRPM _CNN ,1D-CNN
PLSR Il SVR A5 7 XoF [ W Je K i 1k 47 1000, 245 28 4n
FS Pn, Hod S 1T BS 27 g3 ) s R
60 IR RE A A5 B AY L SCREAS R 70 A IR A
ARRFEN R HSCREAR o 3RS e M SR AR I 24
Fr 42 i A NIRDM _CycleGAN 5 Y [ I kg A J5 , 4 Ff

x5 AEBEBEEEKELILIEHBEERRFEBESR
LHMER

Tab.5 Prediction results of different models on different

original samples in maize near-infrared spectral dataset

[FFN i 7) RMSEP R, RPD
PLSR 0.0589  0.9139  3.4118
SVR 0.0955  0.7734  2.1030
BT+ [
1D-CNN 0.0529  0.9275 3.7201
NIRPM_CNN  0.0474  0.9416  4.1449
PLSR 0.0620  0.9226  3.5984
SVR 0.0982  0.8059  2.2723
LS 2 + [
1D-CNN 0.0530  0.9343  3.9078
NIRPM_CNN  0.0470  0.9483  4.4052
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Tab.6 Prediction results of different models on

wheat and cereal datasets
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