2024 4 10 f | A R A= 4555 % 4510 0]

doi:10.6041/]. issn. 1000-1298.2024. 10. 037

ETHREBEEAMA R GBS T ER = S

1,2 . 2 Vi o 2 |
R Ay R R4’ R
(1. E LKA E R BT SR TR, WE 2646705 2. fE ok K2t E B 5B A TR, Jbat 100083)

FEE . FURE S WAE ARG R DR 320 1 K I 1 R 2 S A% 2 A L K T 4 F B R 9 Bkt o R RS DL AT
A1 B AR AT LR A I - 1A, 0 A TR B RN vz Ak BE 2 20K ot R T A A A
Hi, R, BT — BT B A S R ] -3 20 4 b i Yt S 5 1000 B B ( Visible — near-infrared
reflection spectrum and sparse transformer, VNIRSformer) H] T $& J FU K BE F1IZ fL 68 0 . B8 A )2 i A2 4t
2% SRS RS T 2 Ay 2 4 . SR R BN JF 0 E % (Land use/cover area frame statistical survey, LUCAS) il|
G LR T AL RE O . SR8 MK VNIRSformer BRI AE 15 A [m] 56 1% gl 4< 1] B T 09 M R, A B« Bl 3 O K< 1]
B B8 I, 9000 K5 B S T IR W AR R AR R T A /N o A TR B 9 1 e B A TR T ORS A A, RMSE 4 0. 47 g¢/kg, R* Ny
0.78, WA IA %N 5 nm B 455 % 500K % 5 %5 , RMSE 4 0.35 g/kg, R 0.89, 24 (K (A {7 A 0.5 nm # /1 % 1 nm
B B R R N RS bR, R R LR B2 72% o MBI E 5 nm J5 BTSN R, FRRELBIZ N 5% . ZRE 5 IR
BT RAR e PR R, S A P K I B 5 nm, 5 6 BhOAS [R) F00I0ASE 70 (2 Fhs BUpH 2 I 4% A% 58 A VE R B AR 3R /)N
e AU Sz A AL (R KA R0 ) HEAT 6 SR8, % B VNIRSformer B Pk A % 4 , RMSE % 0. 35 g/kg, R’
29 0.89,RPD 2y 2.95, jilli& VNIRSformer Xt A [] 45 2% Ay + 18 20 & 4t B0 68 7 , & 3 : VNIRSformer #5 7 58 6% 45 47 il
M/NTF 5 g/kg B HHER A o K VNIRSformer $E7Y B 42 137 FHF HOR BB, R IR TR 0. 17, R WA B R B A7 —
EVZALRE ST . BFFE R, B IR 5 nm 190615 2038 /6 S VNIRSformer 8B 4 A, T PE 68 A £F , SUBIE
i L 3 T T LA Bl T B AR R S DN o R R U e [ TN AR R B — vz A g Ty . WESE AR AT BT
AL UL—=3T 21 A0 533 1) 498 0 T 5 AR I () 552 s g FH 4 (L 3O S0 45

KEWR: LA R WEIR R A AR HLE fT R LA
hESES. 0433.4 XEkARIRAD: A X E4RS . 1000-1298(2024)10-0392-07

Prediction of Soil Nitrogen Content Based on Sparse Self-attention
and Visible — Near-infrared Spectroscopy

JI Ronghua'? LI Changhao’ ZHENG Lihua® SONG Lifen'
(1. College of Ocean and Agricultural Engineering, Yantai Institute of China Agricultural University, Yantai 264670, China
2. College of Information and Electrical Engineering, China Agriculiural University, Beijing 100083, China)

Abstract. Nitrogen is a key factor that affects crop growth. The basis for the implementation of various
agricultural water and fertilizer management technologies is the accurate determination of soil nitrogen
content. Soil nitrogen content could be detected quickly by the visible — near-infrared spectroscopy
technology. The bottleneck that limits the application of spectral technology in soil nitrogen test is the
accuracy and generalizability of predictive models. In order to improve the prediction accuracy and
generalization ability, a soil nitrogen content prediction model was proposed based on sparse self-attention
and visible — near-infrared spectroscopy, which was called VNIRSformer. The model consisted of input
layer, embedding layer, encoder, decoder, prediction layer and output layer. The land use/cover area
frame statistical survey dataset ( LUCAS) was used to train model to improve its generalization ability.
The performance of VNIRSformer was tested at 15 different spectral wavelength intervals, and the result

showed that as the wavelength interval was increased, the model prediction accuracy was firstly increased
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and then decreased, and the model size was reduced. The model prediction accuracy was the lowest at
the wavelength interval of 1 nm, where the RMSE was 0.47 g/kg and the R® was 0.78. The highest
predictive accuracy of the model was for the 5 nm wavelength interval, of which the RMSE was 0. 35 g/kg
and the R” was 0. 89. The greatest reduction in model size was observed when the wavelength interval was
increased from 0.5 nm to 1 nm, which was decreased by 72% . The model size was decreased uniformly
at a rate of 5% as the wavelength interval was increased from 1 nm to 5 nm. Considering the model size
and performance, the optimal wavelength interval was set to be 5 nm. When compared with six different
prediction models ( two convolutional neural networks, traditional self-attention model, partial least
squares regression, support vector machine regression, and K-nearest neighbor regression ), the
VNIRSformer model had the best performance, with RMSE of 0. 35 g/kg, R” of 0. 89 and RPD was 2. 95.
To test the adaptability of VNIRSformer to predict the soil nitrogen content at different grades, it was
found that VNIRSformer had high prediction accuracy for soil nitrogen content below 5 g/kg.
VNIRSformer was directly applied to self-collected datasets to verify the model’s generalization ability. R
was decreased by 0. 17, indicating that VNIRSformer had a certain generalization ability. The research
results indicated that spectral data with a wavelength interval of 5 nm was selected as input of
Sparse attention
The

VNIRSformer model had a certain generalization ability. The results could provide support for the

VNIRSformer, which had the best prediction performance and moderate scale.

mechanism was able to improve model prediction accuracy and reduce model training time.

practical application of field soil nitrogen content prediction based on visible — near-infrared spectroscopy
technology.

Key words: soil nitrogen content; prediction model; sparse self-attention mechanism; visible — near-

infrared spectroscopy
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