2024 4 12 f] | A R A= 555 % 4 12 0]

doi:10.6041/j. issn. 1000-1298.2024. 12. 029

EF DWT DE ZT£#50 AHA — ELM &£ 8
KB RRE=EWN A%

» N ,2 = N ) | Pz 1,2 N a9 1,2
x| B EEH OEFR' OF &% FEET FEN
(LJLFHAN K5 B 5B TR%=BE, WH 110866; 2. 1L TA £ 5 B 4L TR ARBF5R PL, H 110866)

FE : P4t — iR R o o B X K R 0 2 & i AR TG R 0N Y O 9k, AR SC AR AR R S WF SR 4, R
KRG 3 MEFT W R ISR, 45 A E W05 o8 T4 = A R B T AT g R ST OK AR S 2
ST K AR BB 5 O T O AR AR X I A K R R U ER Y e, T 2 I i I T vk ) O S A R AT AL
B A0 35 O S ECHR , SR R A B /N A — B i A AR e (DWT — DE AR 46 ) X0 3% 8008 #E 17 B 48, O 4 30 5 3 4
G3HT (PCA) (B B/ 22 RUBE 3 M@ 7 WL AT X L o DARE A IS 045 AR ot A, Sl ik i 0K & &t g iy, 43 il vr
B R 2= 2 HL(ELM) R #E O6 Ak 32 45 17 S AL (PSO — SVM) A T M 15 Bk A Ak i Al BR 2% > AL (AHA — ELM ) [z J8 4%
B KRR I /R A AT ORI IE . 25 R AR SR A A B R — B o AR e 25 AR ST 1 AHA - ELM
IR0 TN G B foe i , BN RCR AL T ELM A1 PSO — SVM B3 Il 2k B2 B 5E R %L R 24 0. 806 4 ,RMSE 2 0. 325 1 mg/g,
BiF4E R 9 0.791 5, RMSE 5 0.362 0 mg/g, % Tk, A SC4 H 1928 DWT - DE A8 #2 2 57 (1) AHA — ELM K25 75
PRI KRS AR & P B RO RS A AR SR S %

EEWE: KR ARTE; SO MAEBUNEM B N TS0 WL
HES %S, S511; TPT9 AR : A EHS: 1000-1298(2024)12-0306-08 OSID . .5%?

Prediction of Nitrogen Content in Rice Leaves Based on DWT — DE
Transformation and AHA — ELM Algorithm
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(1. College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866, China
2. Liaoning Engineering Research Center for Information Technology in Agriculture, Shenyang 110866, China)

Abstract; In order to provide a rapid, non-destructive, and accurate prediction method for nitrogen
content in rice using spectral data, focusing on northeast rice as the research object, hyperspectral data of
rice in three growth stages were collected, and combined with indoor chemical experiments, aiming to
improve the prediction accuracy and model interpretability of nitrogen content by establishing an inversion
model for rice nitrogen content. The acquired hyperspectral data and corresponding nitrogen content of
rice leaves were firstly preprocessed by using a low-pass filtering method. For the processed spectral
data, a coupling discrete wavelet transform and first-order differential transform ( DWT — DE transform)
were used for dimensionality reduction, and compared with principal component analysis ( PCA) and
discrete wavelet multiresolution decomposition methods. The dimensionality-reduced results were used as
inputs, and the measured leaf nitrogen content was the output, to establish inversion models by using
extreme learning machine (ELM) , particle swarm optimization support vector machine ( PSO — SVM) ,
and artificial hummingbird algorithm optimized extreme learning machine (AHA — ELM) , respectively,
for predicting and validating rice leaf nitrogen content. The results showed that the AHA — ELM model
established using the results of the coupling discrete wavelet and first-order differential transform had the

highest prediction accuracy, which was superior to the ELM and PSO — SVM models. The determination
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coefficient R* of the training set was 0. 806 4, and the root mean square error RMSE was 0. 325 1 mg/g.
The R® of the validation set was 0.791 5, and the RMSE was 0. 362 0 mg/g. Therefore, the proposed
AHA — ELM model established by DWT — DE transform had significant advantages in the rapid detection

of rice nitrogen content, and can provide a good reference for precise variable fertilization in rice.

Key words: rice; nitrogen content; hyperspectral; coupled discrete wavelet transform and first-order

differential transform; artificial hummingbird optimization; extreme learning machine
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Tab.1 Statistics of nitrogen content in rice leaves
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Tab.3 Numbers of decomposition level under different wavelet generating functions

Sy fi db4 sym8 coif5

R MR EMRBEE  JEHR/ % AR EMRBEHEH JEHR/ % MHXERE EMRBEHEH JEHFE/ %
1 1 676 50.2229 0.999 8 680 50.520 1 0.999 8 687 51.040 1
2 0.999 6 241 25.334 3 0.999 6 347 25.780 1 0.999 6 358 26.597 3
3 0.999 4 174 12.9272 0.999 4 181 13.447 3 0.999 3 193 14.338 8
4 0.999 2 90 6. 6865 0.999 2 98 7.280 8 0.999 2 111 8.246 7
5 0.999 1 48 3.566 1 0.999 1 56 4.160 5 0.999 1 70 5.200 6
6 0.998 8 27 2.005 9 0. 998 9 35 2.600 3 0. 998 9 49 3.640 4
7 0.992 1 17 1.263 0 0.993 9 25 1.857 4 0.993 8 39 2.8975
8 0.984 3 12 0.8915 0.9739 20 1.4859 0.973 5 34 2.5260
9 0.939 5 9 0. 668 6 0.959 5 17 1.2630 0.958 0 31 2.303 1
10 0.9346 8 0.594 4 0.924 1 16 1.1887 0.9267 30 2.228 8
11 0.9194 7 0.520 1 0.9212 15 1.114 4 0.9223 29 2.1545
12 0.8711 7 0.520 1 0.916 4 15 1.114 4 0.916 3 29 2.1545
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discrete wavelet and first-order differential transformation
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Fig.4 Prediction results of nitrogen content by using AHA — ELM model with different dimensionality reduction methods
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Fig.5 Prediction results of nitrogen content by using ELM model with different dimensionality reduction methods
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Fig.6 Prediction results of nitrogen content by using PSO — SVM model with different dimensionality reduction methods
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