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Abstract  Soil potassium content affects the quality and yield of crops. In this study, near-infrared (NIR) spectroscopy is
combined with a method of selecting feature wavebands for the rapid quantitative detection of soil potassium content.
First, the NIR model for the feature waveband optimization of the soil potassium content is established by combining the
simulated annealing algorithm and interval partial least squares (SA-iPLS). Then, the optimal feature waveband of SA-
iPLS is obtained by adjusting the number of subintervals. Finally, the SA-iPLS model is compared with the partial least
squares (PLS), interval PLS (iPLS), and synergy iPLS (SiPLS) models according to the evaluation indicators of the
model. The results show that the SA-IPLS model exhibited the best performance on the training set when the number of
subintervals is 90, and the prediction root mean square error and correlation coefficient of the test set are 0.0117 and
0.8884, respectively. The prediction root mean square error and correlation coefficient of the full-spectrum PLS model for
the test set samples are 0.0140 and 0. 8506, respectively. The optimal number of subintervals for the iPLS and SiPLS
models are 80 and 70, respectively; the prediction root mean square errors for the test set samples are 0. 0155 and 0. 0145,
respectively; the correlation coefficients are 0. 7786 and 0. 8420, respectively. Compared to the conventional iPLS and
SiPLS models, the SA-IPLS model can retain more useful spectral information and improve the prediction accuracy of the
soil potassium content.
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Fig. 1 NIR spectra of 135 soil samples. (a) Raw spectra; (b) spectra obtained after preprocessing

1330002-2



2.2 HEENHSEREFMNIER

AL AR T R RE R 40 R U1 AR T AR
KA T IS X-Y 8 1R AR 4> (SPXY) J7 ik
6: 1 Ee I R A7 R, U 2R B A0 B 115 4B i, UK AR
20 REdh . B RER ARG B ik 1 TR, Ik
A, T B YIS 45 R A RT3 S R S SR AT IR, R
VRN HR A7 3407 MR 1R 22 (Ryse) FIAH OC R (R) , 7T 43531
FonH

z< Yi— yj,)z

$£59%5 F13H/2022 F7 A/ ESBFFHE

S ya) (/= i)
R=—" , (2)

(3= 3a) D= i)

Py, R G R A (IR 4 B I 8 ) P8R AR
(12 2 A0 A,y 38 RE R 88 TR S B i 19 NIR O
T T AR Ly, 0 F A B A TP T A RE LR S I
SESAE Ly KR RE FE S BT A AR B NIR 3% 19 0
B9 SF B8 L 0l 45 2 RE S AR B0 RE LS B A R I
o IR AR B WIS 15 B BF A 48 A5 29 01008 0 Riise A1 Ry,

=1
Ree= 7720 (O g 4 6 54 BOB 0 550750 B2 0 R FIR,
F1 R AR P EIOC R 1Y R S AR
Table 1 Mass fraction of potassium element in the sample set
Sample set Number of samples Maximum Minimum /% Average /% Standard deviation /%
Calibration set 115 0.192 0.053 0.108 0.032
Test set 20 0.162 0.065 0.101 0.023
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Table 3 Modeling results of different models
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