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42 BEy ERAVES T
NRUEREAY TR R, AR AT
PIZH RISy, — XA EATY FE, i 216 1
HASHEE, J—HAY THA, MH7204
A, P E G R, AR AR SR T

AT A RS, EE 57 CARS+PLSR R
TV RR T 4548 1P AL S 45
FEBA HEATREARY FERT, /INFEAS )85 | A 1 5 420
MG, 3P ESE N R RIRERE R
H#RT0.98, SR A Zn IR RS BE 4 0.8178,



TRAE A BT MBI 10 9 R i D' R R A 2199

Pb A1 Ni (ARG BE AR ARG, RNV 0.75 XTREAR
SEFEATY FE I T R AR i A R 15 3

$ETHH)0.7974, Zn RS M 0.8178 $2 T+ %] 0.8690,
Ni 19 R* D\ 0.6969 £ 7131 0.8303. HH LA WL, FEAS

PRGN TEM USSR, EA80E
TET 3 MR e i SRS

TARGFRIZEMR . 3 P 4 Jm I ZRAHs B2 R i 4

K RE 1) R 22/ F 0,05, FEARY™ 78 I U2 1 4

JEERAFE) T IR AT, Ph YA R DL 0.6128
FR1 HAYRAEH3IMESEREBE (MR SHNRFTINGEMMNXENEBER)

Table 1 The estimation accuracies of three heavy metals before and after sample expansion (R> and R’ represent the

inversion accuracies R’ of the training and test sets, respectively)
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Fig. 10 Scatter plot of Ni estimation results before and after sample expansion
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Table 2 Heavy metal estimation accuracy of different band selection algorithms

BB o o N
R? R? T(s) R? T(s) R? R? T(s)
cC 0.7250 0.4330 2.6 0.9340 0.6570 2.6 0.8250 0.6390 2.6
GA 0.7709 0.7804 3745 0.8124 0.8119 319.7 0.7137 0.6830 379.7
CARS 0.8491 0.7974 32 0.8808 0.8690 32 0.7858 0.8303 32
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Fig. 11  Results of CARS band selection for three heavy metal estimation models
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Estimating soil heavy metal from hyperspectral remote sensing images
base on fractional order derivative
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Abstract: Hyperspectral imaging technology has the unique potential for the low-cost, large-scale, and rapid monitoring of soil heavy
metals. For hyperspectral images, the number of soil image elements differs greatly from the number of soil samples, so the problem of small
samples is prominent. In this paper, a soil heavy metal estimation method based on Fractional-Order Derivative (FOD) for hyperspectral images
is proposed.

First, the neighboring pixels of soil samples were extracted to expand the samples and increase the spectral variability. Second, FOD
was used to highlight the spectral features. Then, the bands were selected by Competitive Adaptive Reweighted Sampling (CARS), and
partial least squares (PLSR) was used to construct the model. Seventy-two soil samples and aerial hyperspectral images obtained from
the Huangshan South mine in Hami, Xinjiang were used to estimate three heavy metals, namely, lead (Pb), zinc (Zn), and nickel (Ni).

After sample expansion, the estimation accuracy of the test set was improved for three heavy metals, the test set R2 improved from
0.6128 to 0.7974 for Pb, from 0.8178 to 0.8690 for Zn, and from 0.6969 to 0.8303 for Ni, while the R2 of the training set was above 0.8. The
accuracy of estimation model for three heavy metals with the best fractional-order differentiation was better than that using integer-order
differentiation. CARS+PLSR obtained higher estimation accuracy than the modeling approaches of GA+PLSR and CC+PLSR. The estimation
accuracies R2 were 0.7974, 0.8690, and 0.8303 for Pb, Zn, and Ni, respectively.

Sample expansion alleviated the overfitting phenomenon and improved the estimation accuracy. The FOD of the optimal order could
effectively enhance the spectral features and improve the estimation accuracy. CARS was more accurate than CC and GA.

Key words: fractional order derivative, hyperspectral remote sensing images, Competitive Adaptive Reweighted Sampling (CARS), soil
heavy metal, small sample size, visible and near-infrared band, short-ware infrared band
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