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ARASEME 3 AR BE 8 BURFAIE B, 749 A AL AR AR [
(random forest regression, RFR) , PLSR Fl 3% ¥ [v] &
HLIETIH ( support vector machine regression, SVMR) 3
PSR | AT 13 As 25 i A9 R GG S T, I X
FELL b 3 P AY ) ey O 1 S i 0 25 2R, i e TS
ST DX S B 5 0 1Y) - 488 As % it (W) B A U ASE 78 | L)
W PR RS A SC T As B TSR A S
% 55 H HLE R BOR T-B

1 #F 5% K BEIL R 048 IR

1.1 #HRERER
BEARFFHANLOARE, Tk &k, kb I RCK
JE M IR L Lk Be b | B OR 7 b R 2, S R
TN FNPG b DS R, R 22 0 2 B R A
RO 2 — R il — B AR
UL VAP 173 =41 m i iy N i o e S i A B G K
6.7 °C, ZAEF-HIBEK IR 280 mm, 4T 78
KN 2 730 mm, HIERT FEH KB A
1.2 THRESNE
2021 4F 4 ATEFm S G ARSI RAE T 84 K

JZ(0~20 em) TIEREG (TN 1 TR ) o TEREAFE
14,100 mx100 m A 9 ASFHE S, HAE S Jm R
THREA 1 kg L4 BEGA, TG EEENH
SRIT, BBR A% J5 WF 8, 2o 20 H JE Je i 5 43 1 2
B, — AT As FEE, —mHTEiENE, +
FELE T VAR i S5, R R 7 5 6 BT (AFS -
933) M 22 T As JC R I & =, KK~ GB/T
22105.2—2008 , As JLE &l i, A E K
FIEFRES W (GSS—12, b g +3) SEATREER
HE AT A ], U BHSCR N 93.66% , 75 7t
VRN

TN

1 HAREUERRERDH

Fig.1 Location of the study area and sampling sites
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Fig.2 Original and Savitzky—Golay smoothing spectral reflectance curves
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Tab.1 Descriptive statistics of As content in each dataset

A B W/ (mg « k™) A/ (mg - kg™')  AREZE/ (mg - kg!) A R +IEFT A/ (mg - kg™!)
Erand 84 6.00~13.80 10.28 1.32 0.13

KiEsE 64 6.84~13.80 10.30 1.25 0.12 11.20

B 20 6.00~11.80 10.07 1.47 0.15

% B ARSI SEY OREM LA
As S ESEYIE N 10.28 me/kg KT 3T 5HH, As
P RAE A 13.80 mg/kg, 55 T AR 15 S {E A 1.23
0, R AL R As TR E AR A RIE
MERE S REAR As & Bl —30, 5% 64 > AR

DACHESE TR 20 S L ARAE N IR IESE T
el &1 Al A HEEE MR UESE R As 75 RF
YA Fn 22 AR S R B — B0, R W o LU S
AT DU TR S
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Fig.3 Correlation coefficient between soil As content and spectral radiance and spectral transformation
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Tab.2 Statistics of precision parameter of inversion model
RFR PLSR SVMR
T A , RMSE/ MAE/ ) RMSE/ MAE/ s RMSE/ MAE/
(mg-kg™')  (mg-kg") (mg-kg™')  (mg-kg™') (mg-kg™')  (mg-kg™")

RY 0.604 0.280 0.802 0.555 0.240 0.798 0.697 0.107 0.894
FD 0.644 0.134 0.748 0.646 0.159 0.832 0.459 0.031 1.008
SD 0.678 0.230 0.652 0.653 0.170 0.807 0.231 0.029 1.051
RTFD 0.575 0.130 0.780 0.646 0.157 0.829 0.614 0.034 0.968
RTSD 0.626 0.183 0.739 0.632 0.168 0.828 0.277 0.031 1.040
LTFD 0.626 0.163 0.768 0.657 0.163 0.819 0.585 0.036 0.982
LTSD 0.669 0.208 0.692 0.623 0.165 0.843 0.177 0.029 1.059
RMSFD 0.641 0.121 0.769 0.646 0.163 0.828 0.541 0.036 0.991
RMSSD 0.821 0.143 0.523 0.588 0.181 0.852 0.252 0.031 1.049
ATFD 0.605 0.168 0.775 0.657 0.163 0.819 0.585 0.036 0.982
ATSD 0.679 0.219 0.720 0.623 0.165 0.843 0.177 0.029 1.059
RLFD 0.591 0.154 0.777 0.556 0.280 0.804 0.334 0.031 1.037
RLSD 0.710 0.219 0.680 0.498 0.208 0.886 0.209 0.031 1.054

DR KRG Bl BRI 2

RMSSD-RFR 5 & (1 J 3 T 68 1 fe g, He RP A
0.821,RMSE 3 0.143 mg/kg, MAE 4 0.523 mg/kg,
HoAb e A ey XA RP ¥ i 0.575, PLSR
LAY J Y TR0 () 25 SR Zh i Rl /N, 26T LTFD-PLSR
H1ATFD-PLSR A5 7Y 1) S5z 8 10000 R0 fe -, RP 3 0
0.657, % RLSD-PLSR ## 1) R* >4 0.498 41, HA
AR T A RP T 0.556, SVMR FLEL T
FHEEREFE bR S RFR F1 PLSR AR R, J5 46 % 1%
BRI RN 0.697, 12 Fhi 3728 3 75 2 A4 11y
R 0.177 ~0.614, RUSE ¥/ F0.1 mg/kg,
MAE 193% 3176 FEIE 0.968 ~1.059 mg/kg 2 [f],

-
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Fig.4 Comparison of measured and predicted values of modeling

(¢) R-SVMR

2R A A KR X - A O
FENGE N I As B AT OB, R
M-PLSR #8850 5 5 4, H R4 0.659, RMSE hy
0.312 mg/kg; ZEAHhZE2 BRI ST 45 SRR B Wi TR
W HELIK RS + | B RNZTh | o e AR A
i PLS 58 R* Ry 0.755 , RMSE M 0.720 mg/kg; ¥
ERECTR LI, | RER LN E, +
5 As Frm i LA R FD-PLSR #5141, H R K
0.790, RMSE 3 0.832 mg/kg; 382 T4 %o W o
PHAF L b As & S OGIE R, 25 R R, g
BRLE A SVM SR IR AR AL, H R*90.821,
RMSE 4 0.084 mg/kg; X i i 52 45 26 el + 198 119

WP s LB Y LT LTFD B3t BN A 715
REFL R A A e 18 As & B i R A A H R
0.935, RMSE 4 0.402 mg/kg; % [ 3R ifor &
B, AAE UL B A A b As 7 i B A T AR A Sy
PSO-SVM Hi# H R* M 0.982, RMSE 9 0.522 mg/kg.
UL EWRIEIX 14 As B i G A S 5T R A
Lo, AT MR AY 135E As S TR A i G 1 S e A A
;y RMSSD-RFR #% | R* Fll RMSE 435l & 0.821 FlI
0.143 mg/kg, J& THA5KF o AN [FIBF 58 45 545 2 1)
48 As i EDGIE R R AR B — e 2
XA RES X e - 28R+ A B As oT
TR AR IE LA S ASE TR )3 P R A 1 45
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A SCH) A [B]G 1 43 i 32 40 RS 18 56 1% 4
P2 XFLEAFSE T RFR, PLSR 1 SVMR £ 018527 > ik

Xt L TR IR T —— 5 5 RS T 4 As 5 A T
IEETT A U 458

1) SBEARFFH L3P As TRVEETHE N
10.28 mg/kg, K T AN T T8 5LAH , As & i KMH
AR SRR 1.23 %, RIS X 4 As &%
s AR,

2) B AR e i 3G TR O I AR B v RO
WEHAE S As S Z A, 12 RS G 4L
R0 AR o3 A8 4 5 1Y O 3 45 A9 RFR, PLSR Al
SVMR 7 | 45 5L 3 B AR (1% iz 35 70 68 g 2404
N AR AL 3 FBE RS HAT — 7 i BN BE T

3)3 PR AR (1% iz v 000 i 7 eh v EIRAR R A
RFR>SVMR >PLSR, H:H* RMSSD-RFR ) 5z 1iii 7 il
RES1H i, He RN 0.821, RMSE 4 0. 143 mg/kg,
MAE 4 0.523 mg/kg, Ui RFR A ARG 1T, B
A e RS PR RN T 8 7, R LA SR v g S P Ik
T3 As FREEDGEG AR SR [N, BT
DX IRV B | - TG YooK A7 25 53 A 1) i
PRI S A3 FH H A - 3 BN X 5 i — 2P A
I
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Hyperspectral inversion of arsenic content in soil in an oasis city

ZHONG Qing', MAMATTURSUN Eziz"*, MIREGULI Ainiwaer', HAO Haiyu’
(1. College of Geographical Science and Tourism, Xinjiang Normal University, Urumgi 830054, China; 2. Xinjiang Laboratory of
Lake Environment and Resources, Xinjiang Normal University, Urumqi 830054, China; 3. College of Physics and
Electronic Engineering, Xinjiang Normal University, Urumqi 830054, China)

Abstract: Arsenic (As) is a metalloid element with high carcinogenicity, rendering it particularly important to
detect As content in soils in a swift and accurate manner. The study focused on the topsoil in Urumqi City, where
84 soil samples were collected and tested for their As content and original spectral reflectance. This study examined
the relationships of As content in the soils with the spectral reflectance under the original spectra and 12 spectral
transformations using the Pearson correlation analysis, followed by screening characteristic bands. Hyperspectral
models for the inversion of As content in soils were developed using partial least squares regression ( PLSR),
random forest regression ( RFR ), and support vector machine regression ( SVMR). Finally, the prediction
performance of the hyperspectral models was elevated based on the coefficients of determination (R”) , root—mean—
square errors ( RMSEs), and mean absolute errors ( MAEs). The results indicated that applying differential
transformations to the original spectral data can effectively enhance the spectral features and improve the correlation
between spectral reflectance and As content in soils. The prediction performance of the hyperspectral models
decreased in the order of RFR, SVMR, and PLSR. The RFR model based on root—mean—square second order
differentiation (RMSSD-RFR) exhibited the best fitting effects and the highest prediction stability, with R* of
0.821, a RMSE of 0.143 mg/kg, and a MAE of 0.523 mg/kg. This study provides a scientific basis for developing
hyperspectral models for the inversion of As content in soils in an oasis city.

Keywords: urban soil; As; hyperspectral inversion; spectral transformation; inversion model
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