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Fig. 7 Original near infrared spectroscopy of leaves of 12 forages

TE) A B A3 B iy B il b Ak — 2B 3R T M RE LA T E RS A (PCA)D HET U543
Br (PCA Sort) Fl 35 4+ [ & N 5 ALl BE CCARS) 3 b B 5 B 4k )7 9% . 78 PCA B4 vh [ 88 7 2%
TR BE 5 AT 10 A 32 A 4, v b 4 R R AR B E B . PCA Sort A YR B B 25 F
g3 0 KRR JC T 43 25 0 DU BE BEAT HE T, DR B X Ay AT S e E B A E S . CARS W45 & 4k
P 8105 388 U9 45 I T B (RFED 0 36 H 10 A fi 2 X0 1 RRAE o OB [ 48 I 109 88 1 T SVML AN
KNN R 45 B 4036 2 fif s . 76 SVM BRI PCA Sort Y AERR R 7E M4 kR 87. 8% ML T4 48
PCA 1y 85.8% 1 CARS 1% 80.4% , % W] PCA Sort & WU 5 1% 4> g 00 4 Hb 5z e % 1% 45 1F 2% 5 .
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KNN#EE 1 PCA Sort (MR AEER 2R 81. 1%, M B T PCA M 79. 7% F1 CARS ) 72. 3% .
I, PCA Sort J5 £ 7E SVM Fl KNN H 15 38 B 5 43 10 8 4 SR B 35 45 T 1 40 JSG 18 Fn B AU £
e

F1 ATREEBE TSR ERR

Table 1 Accuracy rates of preprocessing methods for different models

P Ak ¥ 7 % IR AR e 2/ %% B e %2/ %
SVM R 52.4 47.0
SG 62.4 47.0
MSC 76.2 61.3
Z-score 57.6 52.4
SG+MSC+Z-score 83.2 79.7
KNN R 70.2 60.7
SG 79.6 72.4
MSC 83.7 76.1
Z-score 69. 8 58.9
SG+MSC+Z-score 83.4 80.7

K2 FRBEHMBRREERE

Table 2 Accuracy rates of data dimensionality reduction for different models

R B Rt 4y ik IZRGEHER R/ V6 MR G AER R/ 6
SVM PCA 91.6 85. 8
PCA Sort 93.4 87.8
CARS 87.6 80. 4
KNN PCA 88.3 79.7
PCA Sort 87.4 81.1
CARS 79.2 72.3

W AT RS BT R AR O A R B g s R rh R OR RS TR RO R R AR E PC T PC2 R PC3
ERAARTEN . WME /R, PCLA PC2HHRE T EZ My 258, /il i B 17 86. 19% Al 12. 34% 1Y
BT . WA E R HIAE PCL A PC2 1R B B 1 ) SRR 3, G B UK B R 2 5 22 76 PC1 75
Sy, 2R W e AT AE AR RE AR 23 ) rh R R EL A AR LA R RS X o SR, — S RS 0 S R
TE =423 ) R AEAE T B, R PCA 7E X 73 1% 2628 Bl A — & R BR A .

3.3 IEORIEREZIBELER

R 22 B R TR R A 2] (IR A AR AL SR A R FRRAE R R A L B S AR R I R AR A SR AT
55 B RN AR 3T R o LSTM L AH FLsB VML, 58 08 1 B2 B8 19 IF 5 R A0F R Al s 22 57, 76 IX o0 A B2
S O 7 AN H ) B 36 0 M € L JH 366 et A 0 1 000 4 4 o 0 R Al 80. 35 %, Wi A HE TR s [l i 4l
1D-CNN LAY J5 | Ja 5 RFAF 32 BUCRE 77 459 20 3 i, 0 3 48 o R 42 71 2 83. 92% . i — 245/ LSTM
A ID-CNN &, MR 4 HE R 3K 86. 91 %0, FL A K BL T i ) el 5 Jy SRR AE 4 BUAH 45 & I AR 34 . 7E 5]
ATE R S HLE S, B R fE W 4R R, Hodh LSTM+ Attention+ 1D-CNN A9 I 32 £ ¥ i 5% N
89.28% , 1M 4k A& £ 3k 1 & Jy WL A1 X1 LSTM () Transformer+Bi-LSTM+1D-CNN A9 1 2t 48 1
B IRH) 91,6700 . 4, A Bi-LSTM £ 3k i & J1 HLiil .D-1D-CNN F1 ResNet (1 BIMAD-
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Fig.8 Three-dimensional score chart of principal component analysis
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Table 3 Deep learning hybrid model architecture based on LSTM

Il pIRE RS
LAY ZH /M B[] /ms
E#R/ % ERR/ % BER/Y% F1/%
LSTM 87.41 80.35 80.10 80. 20 2.1 11.4
1D-CNN 89. 89 83.92 83.50 83.75 1.8 8.7
LSTM+1D-CNN 89. 37 86.91 86. 60 86.70 3.5 12.6
LSTM— Attention+1D-CNN 90. 68 89. 28 89.00 89.10 5.3 14.2
LSTM+MultiHeadAttention+ 1D-CNN 98.03 95.83 95. 60 95.70 6.1 15.0
Transformer+Bi-LSTM~+1D-CNN 94.88 91.67 91.40 91.50 7.8 17.9
Transformer+ MultiHead Attention+ 1D-CNN 87.13 83.33 83.00 83. 20 8.2 18.6
Bi-LSTM+ Attention+ 1D-CNN 97.24 92.26 92.00 92.10 5.5 14.8
Bi-LSTM-Bi-Attention+ 1D-CNN-+ResNet 96.71 94. 64 94.50 94. 50 6.4 16.3
Bi-LSTM -+ MultiHead Attention+D-1D-CNN 98.49 97.02 96.90 96.90 6.7 15.8

+ResNet(BIMADCRNet)

N T VAL BIMADCRNet #5204 %R R (0 5k, 80T T — RINTE AL SE S, an e 4 Firs , 430 5 B
D-1D-CNN . Bi-LSTM 2 3k v 2 7 AL A iR 22 3% 452, 176 A [R) B4 48 I S 8000 B T 3017 2 S Pk e Xt
oo SEERE5AERW], D-1D-CNN X oy #OGE FRAE S I 2 S H 2, KRG 0 JEUER 3 T F% 12. 46 00, 1BEAY
oA SO G B (19 25 W 25005 8., BI-LSTM £ EH T2 S WK C R, 285 5 B2
FE7.78% . KBRZRIEE MGG , /3 JEfn 2 N 5. 24 %0, Ui WV 22 7 WL 68 6% A 800 3 OB RHAIE
PRI, P2 = BRI X A ) o RBRAR 22 FEHE)S A IS UERR R IR 2. 406, IR T Ak 22 1 S A R E B
VLR B THRZE W25 i T I 2 Rz AL fE T HAT T B A

ok B, BIMADCRN et 46 B0 & 4 7 oy 35 48 iF 5 B0 | Asf e 8 A6 5 3 36 g 40 T A0 R 34, S T 3
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1 o> JEUERG AR (97, 0200) o JH R LB ik — A IR 1 A B HUAE 2 TH G 20 JE ML BE T I Y 46 24, S
AU AL BT A T BRI SRR RS B AR AR
x4 HELIL

Table 4 Ablation experiment

Sz D-1D-CNN  Bi-LSTM  MultiHead Attention ResNet WWR/ % SHE/M B | /ms
2

1 X N, N/ N, 84.56 4, 13.9
2 NG X N N, 89. 24 4.8 14.5
3 NG N X N, 91.78 5.1 15.1
4 N/ NG N X 94. 62 5.5 15.6
5 NG N, N N, 97. 02 5.7 15.8
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Fig. 9 Accuracy and loss values of different models in the training set
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Table 5 Classification of various forage samples
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Classification of Forage Plants Based on Near Infrared Spectroscopy
Using BIMADCRNet

LIU Yuanbo, GAO Xiaojing, LUO Xiaoling, PAN Xin, WANG Yuhang, MA Chenbin
(College of Computer and Information Engineering, Inner Mongolia Agricultural
University, Hohhot 010018, China)

Abstract: Near infrared spectroscopy (NIRS) in combination with deep learning technology was
employed to achieve the rapid classification of 12 species of grass plants, facilitating the automatic identi-
fication of grass. The spectral quality was enhanced through data cleaning, and the signal was strength-
ened by pre-processing with MSC, Z-Score, SG, and their combinations. After dimensionality reduction
via PCA, PCA Sort and CARS, SVM and KNN classification models were utilized for testing. To en-
hance the classification effect, a BIMADCRNet model integrating bidirectional LSTM, multi-head at-
tention mechanism, deep 1D-CNN and residual connection was proposed. The classification accuracy of
the test set was 97.02% , which was significantly superior to the traditional method. The results demon-
strate that the proposed model can effectively handle the complex spectral dependence and provide an ef-
ficient solution for the classification of forage.

Key words: near infrared spectroscopy; BIMADCRNet; forage classification; multi-head attention

mechanism; residual connection



