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Tan Kun', Zhang Qianqgian', Cao Qian', Du Peijun®”
1.Jiangsu Key laboratory of Resources and Environment Information Engineering » China University of Mining
and Technology s Xuzhou 221116, China
2.Key Laboratory for Satellite Mapping Technology and Applications of State Administration of Surveying ,
Mapping and Geoinformation, Nanjing University s Nanjing 210023, China

Abstract: To monitor the soil organic matter in the reclamation area of coal mines, the relationship between soil organic matter
content and soil spectra in the reclamation area of coal mines was studied, and a quantitative retrieval model was established and
validated in order to implement the organic matter content detection in this paper. After the preprocessing of the original spec-
tral, the correlation of the organic matter content and reflectance spectra was analyzed, and 450 nm, 500 nm, 650 nm, 770 nm,
1460 nm and 2 140 nm wavelength were extracted as feature bands. Using the multiple linear regression (MLR) . partial least
squares regression (PLSR) and particle swarm optimization support vector machine regression (PSO-SVM) methods., the hy-
perspectral quantitative retrieval models for soil organic matter content were built. The results show the coefficient of determi-
nation (R*) of MLR, PLSR and PSO-SVM were 0.79, 0.83 and 0.85 respectively, and the root mean square error of prediction
(RMSEP) were 5.26, 4.93 and 4.76 respectively. The results demonstrate that the stability and predictive ability of PSO-SVM
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model are better than those of the MLR and PLSR model.

Key words: soil organic matter; hyperspectral; remote sensing; PSO-SVM; particle swarm optimization algorithm.
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Table 1 The statistical results of the SOM

R MH e /IME FHE FrifE 2
(g/kg) (g/kg) (g/kg) (g/kg)
ML 53.00 8.50 29.53 12.64
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Fig.1 The spectral reflectance curves of the soil samples
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Fig.3 The distribution of the correlation coefficients between the SOM concentrations and the different transformed reflec-

tance spectra
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Table 2 The characteristic spectra of the quantitative inver-

sion model of SOM

A P Bt (nm) LIPS 4
SNV(R) 450 0.87
SNV(R) 500 0.90

CR(R) 650 0.83

CR(R) 770 0.87
SNV(R) 1460 —0.81

CR(R) 2140 0.87
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Fig.4 A comparison between the measured values and predicted values of the different models
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Table 3 The results of the quantitative inversion models of

SOM

TR R? RMSE

MLR 0.79 5.26

PLSR 0.83 4.93
PSO-SVM 0.85 4.76

JT 5 RO RO R A [ AR L R AL
W AR b AR 6 4300 FH MLR (PLSR K&
PSO-SVM @ 37 A5 Y. 58 13 Xf b 452 8 (%) 56 3iF 25 S ]
A AE N TRE REGE R 7 R R 22 7w il &
PSO-SVM #5 R 4 e 14 R 75000 6 g #4538 4 (R* =
0.85,RMSE =4.76) , PLSR #l MLR # %l % PSO-
SVM H§ 25 AR 3 P J7 32 g 51 i B AL R LA — 2 1 )
HORGBE (R* =0.79) , UL B ARF AIE U B 119 3k 6 4 45 38,
PSO-SVM #5 B 0] DA% b 1l i FH F -+ 38 A7 WL BT % i

) 2 T T AE .
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