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Fig. 2

(a) The original spectral reflectance curve of soil samples; (b) The reciprocal

logarithmic spectral reflectance curve of soil samples

FIF PCA B3k . 0F J5UAR 't 35 il 28 L K 728 4 #6481 0 xf
BOGE ML 2 050 AP BLEAT M2 UG S % il 2 A1 480 4%
X RO T 2 2% 32 A 20 1Y Bk SR SR T SRR AR E AR 2 P
AR B PCA Z )5 . BRI TURCRIE ] 99. 9996 ) 144
RO R BERL B i A i, o, JRUER Ol 1 SR AR BT R ARk
99. 99 V6 iy A D ECR 12 4 SBI AL 2 J5 R TTER Rk
#199. 99 %6 ) F BT RALR 12 A0 K PCA Fe 4k 8 1A 2
a3 AF D O R 1 i A
2.3 IRECECERBEREBEIERE

H PCA i 2 6 HUR) T2 )80 R D BE R A | 28 (X0, 13
Cd F i R R (YD, RALME D PLSR A, DL ARZ
PR SVM. ANN Hl RF #8073 ) 2 45 bb %o 3 0F 3
PCA i 158 B4 5 AT A2 o 3of A [7) 52 B4 00 66 7 A9 52 w0 A R A

T BT X Cd 25 1 R A B A A
2.3.1 K F PCA Rkt

FIF PCA 3T IR 4 06 335 B0 e 4k . 28 3 R 3 vik 5k
99. 9961y 12 A 2 WL 43 4k 1F g B2 B0 g A8 kL 5 1] PLSR.
SVM, ANN I RF J5 i @i, 14 Cd 7y S A 1A 3
() JHRE BETTFAN AN 3R 3 B . AR 3(a) 538 3 W 1. PCA-
RF Y P 5E & B (R* = 0. 856) F & » RPD #5 ik 3.39. % W
PCA-RF #55) BA ) 4 i) T 68 0 R B £ 4 Cd & it iy
R, PCA-ANN Fl PCA-SVM ) RPD #8552, Hik
TERBRD 4R35 0.621 A1 0. 581, T Ff b 1Y [ ke HL AT 4 1)
T g 775 W PCA-PLSR 5 R* Hl RPD 43 54k 0. 484 Al
1.8, ZMHL G BN BE ) — M. 28 PCA W 4l 1 B FRAE 9 B
AR R 2 B — S 1 T3 g



1628 % A 5 Rk A 541 %
T2 EHHTEE 2.3.2 & F PCA 8] 3 st i 2 42
Table 2 Principal component contribution rate i F YRR 5 %) PCA & 4E 5 il 81 8500 806 3% o 47 a4
JE Rt 1505500t Bk 7% LB 3(b)], HREREME 3. tE 3(b)FE 3 T4 . PCA-
WOy kR 2RTEkE RS TR ZRTEER RF 155 B f) 090 8 J7 46 J6 3k B e 5 U S metE, H RPN
/% /% /% /% 0.855. RPD % 3.39, & W] M % {5 H 45 41 4 19 B 00 6 ) +
1 92. 341 92. 341 1 92.913 92.913 PCA-ANN y—»\z’ ,ﬁ\:RZ j(:lo. 623, RPD%] 2.12, *ﬁiﬂlﬁjﬁ/ﬁ\—
2 3. 890 96. 231 2 3. 063 95.977 ;ﬁﬁﬂ/‘] bﬁmﬂ ﬁléjj . PCA-SVM E'{J R? j‘] 0.607, RPD ﬂﬂ 2.00.
3 2.332 98. 563 3 2.479 98. 456 *ﬁﬂﬂ_ﬂ;,ﬁ\*ﬁﬁ} E’:J }ﬁ iﬂﬂ ﬁﬁjj , ﬁﬁ PCA-PLSR H(J R %J 0.535.,
4 0. 827 99. 390 4 0.919 99. 375 N e N
5 0.374 99. 764 5 0.405 99. 780 RPD £ 1. 89, BURSMAE it
0 ' ' ' ' 2.3.3 ST PCA R4 sk #-45) 4 ¥ L) 35 Vb 5 47
6 0.076 99. 840 6 0.083 99. 864 @ﬁfﬁﬂﬂ’]}ﬁﬂﬂ“bjjjl[ﬁr*fj“ﬁﬁ#ﬁéj:ﬂiz—ziﬂj(#
7 0.055 99. 895 7 0.052 99. 916 jﬁ1¥‘ e ‘;J? i}iﬂlﬁbjl i E; " f;
S S TR g E IR MK
g 0. 048 99. 943 g 0. 033 99. 948 (E 4) s SERE AR e X 25 18580 (9 0000 68 0 B P 7, Ho 2
7z =) £ =] AL I 327k IR 2 JH
9 0. 027 99. 970 9 0. 024 99. 973 TR ol 2 1 e PCA-PLSR BEAL, A ALY R® #2577
10 0.008 99. 979 10 0.008 99. 981 10.5% . RPD #2747 5.0% . HU K PCA-SVM A, %
11 0.006 99. 985 11 0.005 99. 986 B R 42T T 4500, RPD 45} 1 2. 506, PCA-ANN AL,
12 0.004 99. 989 12 0.004 99. 990 R* F1 RPD IR FA T 1. 8% M1 1. 4%, i PCA-RF #L %I G ]
W,
1.50 150 1.50 1.50
o PLSR 0 = SVM En ANN ER RF 4
21204 r-04s4 . 21204 R=0581 21209 ro0612 . 21201 R=0856
£ : £ ) S ' g .
S 0.90 5 < 090 < 0.90 . 5 090
2 3 3 s E e E o
5 060 = 060 o % 060 .~ % 060 o
'?3 030 * ) ;é 0301 o, . ?3 0309 *, ?3 0301 %
& i R £ R & . R = R
0.001-2 0.00 0.00 = 0.00
0.00 030 0.60 090 120 1.50 0.00 030 060 090 120 1.50 0.00 030 0.60 090 120 1.50 0.00 030 0.60 090 120 1.50
Measured vaule/(mg'kg™) Measured vaule/(mg'kg™") Measured vaule/(mgkg™) Measured vaule/(mg-kg™")
(a)
150 1.50 1.50 1.50
> PLSR . o o SVM EN ANN EN RF
21201 R=0535 212071 rR-0607 . 2120 R=0623 °* . 2120 R*=0.855 ¢
£ . £ £ ' £
S 090 5 G 3 090 e 3 0.90 : 3 0.90 o %
g ..t 3 . z e z .
3 0.60 e Z 060 Srk 3 0.60 pa Z 060 K
g os0f .0 Zosof 5 ° g 030{ 5 030] “a
& . Log(1/R) [ . Log(1/R) = . ¢ Log(1/R) ) Log(1/R)

0.00 . : . : .
0.00 030 0.60 0.90 1.20 1.50

Measured vaule/(mg-kg™)

0.00 g g y y d 0.00 0.00 g y y y g
0.00 0.30 0.60 0.90 1.20 1.50 0.00 0.30 0.60 0.90 1.20 1.50 0.00 0.30 0.60 0.90 1.20 1.50

Measured vaule/(mg-kg™) Measured vaule/(mg-kg™) Measured vaule/(mg-kg™)

(b)

3 (a) B EREFMEE S AE; (b) B HxFEL & A B i 2 5 8 = E
Fig. 3 (a) Scatterplots of different prediction models based on original spectral data; (b) Scatter
plots between different prediction models based on reciprocal logarithmic spectral
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Table 3 Accuracy evaluation of different models based on original spectral-reciprocal logarithmic spectral
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A Comparative Study of the Hyperspectral Inversion Models Based on the
PCA for Retrieving the Cd Content in the Soil
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Abstract The soil heavy metal pollution poses a great threat to the human health, thus, it is quite important make out the
contamination in the soil. There are a series of advantages in the hyperspectral remote sensing technology, such as the high
spectral resolution. rapid response, non-destructive, etc. » making it a well- suited in retrieving the soil”s components. In this
study, the impacts of the information redundancy in the spectral and spectral transformation on the inversion of Cd content in the
soil are investigated. Further, based on the hyperspectral data before and after spectral transformation, the performance
comparations of hyperspectral models are carried out in this paper, as well. By so doing, the Cd contents and the corresponding
lab spectrum (350~2 500 nm) of 56 soil samples are measured by the ICP-MS and ASD Fieldspec4. Then, the reciprocal and
logarithm changes are performed to weaken the impacts of the light variation and soil surface roughness on the experimental
results. Due to the fact that there is much redundant information in the obtained data. the Principal Component Analysis (PCA)
is carried out to reduce the dimensionality of the spectral bands in the data. After this processing, only 12 principal components
are selected as the input variables of the model. Regarding the hyperspectral models, the Partial Least-Squares Regression
(PLSR), Support Vector Machine (SVM), Artificial Neural Network (ANN) and Random Forest (RF) are chosen to establish
the relationship between the Cd content and PCA components. Finally, for evaluating the prediction capabilities of the regression
models, three precision evaluation indexes are preferred to assess the accuracy of regression models in this study, they are the
correlation coefficient (R*), Root Mean Squared Error (RMSE) and Residual Predictive Deviation (RPD). Analysis results
show that the cumulative contribution rate of 12 principal components of the original data after processed by the PCA can be up
to 99.99%. Using principal components as the inputs, all four hyperspectral models show excellent performances in predicting
the Cd content in the soil. The PCA-RF. in particular, has the most accurate prediction capability regardless of whether the
spectral transformation is performed or not (whose R’ before and after spectral transformation are 0.856 and 0. 855,
respectively, while the RPD under both conditions are 3.39). In conclusion, the PCA is used to reduce hyperspectral data’s
dimensionality, this processing can effectively reduce the redundancy of hyperspectral data and guarantee the predictive capability
of hyperspectral models. Also, the principal component selected by the PCA method could be excellent input variables of the
hyperspectral models. Further. the hyperspectral model based on the PCA-RF shows the most excellent performance for rapid
detecting the Cd element in the soil within the study area and similar regions, which could be a new supplement for the inversion

of heavy metals in the soil.
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