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Methods for Detecting Soil Organic Matter Content of Apple Orchards
in Northern China Based on Visible/Near-infrared Spectra
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Abstract; The content of soil organic matter (SOM) is an important indicator for evaluating soil fertility
and ecological quality. However, the chemical analysis methods prescribed by national standards for
detecting SOM content are difficult to meet the demands of rapid detection. To provide a foundation for
the development of a rapid SOM content detector, a total of 760 soil samples were collected from apple
orchards in ten provinces in northern China with complex soil types and significant spatial differences.
According to geographic and climatic characteristics, the samples were grouped into four regions: North
China, Northeast, Northwest Arid, and Northwest Frontier. Soil reflectance spectra from 400 ~2 450 nm
and SOM contents measured following the national standard method were used to examine the effects of
SOM levels and regional differences on spectra and the linear correlations between reflectance and SOM.

Partial least squares regression ( PLSR), support vector regression ( SVR), and least-squares support
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vector machine (LS —SVM) models were then constructed to predict SOM. The Northeast region had the
highest mean SOM content (25. 443 g/kg) , while the Northwest Frontier had the lowest (13.286 g/kg).

Soil reflectance showed an overall negative correlation with SOM. LS —SVM achieved the best prediction

performance for North China and Northeast samples, with the residual prediction deviation (RPD) values
of 2. 814 and 2. 475. PLSR performed best for the Northwest Arid and Northwest Frontier regions ( RPD
value of 2. 888 and 3.572). For mixed samples from all four regions, LS — SVM provided the highest
accuracy ( RPD value of 2. 864 ). These results indicated that building a universal SOM prediction model

for apple orchard soils in the ten northern provinces of China was feasible, while building region-specific

models was able to improve prediction accuracy for most regions.

Key words: apple orchard; soil organic matter; visible/near-infrared spectroscopy; detecting
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Fig.2 Histograms of SOM contents in four regions
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Tab.1 PLSR modeling results constructed by samples

before and after removing outliers

S B3k wip HIB 5
Hi X , RMSE/ RMSE/
8 (g-kg™") (g-kg™")
L X 0.731 3. 444 0. 860 2.289
RALIX 0. 656 3.750 0.767 3.131
PILFRX  0.844 1.793 0.877 1.599
Wil gEx  0.911 1.753 0.919 1.551
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Tab.2 Model detection results of SOM content in

four regions

FEA i RMSEC/ ,  RMSEP/
HET R R} RPD
Ho X (g-kg™") (g-kg™")
PLSR 0.881  2.436  0.860 2.289  2.703
£JLIX SVR 0.906 2.173 0.870 2.176 2.776
LS—SVM 0.938 1.758 0.871 2.198 2.814
PLSR 0.819  4.152  0.767 3.131  2.096
Z4LIX. SVR 0.894  3.155 0.698 3.637 1.820
LS—SVM 0.910  2.932 0.833 2.651 2.475
) PLSR 0.962  1.239 0.877 1.599  2.888
i
SVR 0.957 1.316 0.850 1.654 2.580
BX
LS—SVM  0.968 1.141  0.853 1.752  2.637
PLSR 0.957 1.560 0.919 1.551 3.572
Videih
. SVR 0.959  1.526 0.916 1.537  3.456
X
" LS—SVM  0.968 1.340 0.882 1.875 2.954
PLSR 0.878  3.118 0.873 2.105 2.808
4 /X SVR 0.888  2.987 0.862 2.194 2.694
LS—SVM 0.872  3.192 0.878 2.064 2.864
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