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Empirical Model Optimization of Hyperspectral Inversion of
Heavy Metal Content in Reclamation Area

CHEN Yuanpeng' ZHANG Shiwen® LUO Ming' YUN Wenju' JU Zhengshan' LI Shaoshuai'
(1. Land Consolidation and Rehabilitation Center, Ministry of Natural Resources, Beijing 100035, China
2. College of Earth and Environmental Science, Anhui University of Science and Technology, Huainan 232001, China)

Abstract; Taking industrial and mining reclamation land as the research object, based on the ASD
FieldSpec 4 hyperspectral remote sensing data, combined with the field survey data of soil heavy metal
attributes, using regression analysis and feature selection methods, the retrieval research and experiment
of soil heavy metal content based on hyperspectral data were carried out, and the selection and
comparison of empirical models were conducted. The correlation between soil heavy metal concentration
and spectral data was effectively improved by the first derivative and logarithmic reciprocal etc. On this
basis, three regression analysis models, including partial least squares regression ( PLSR) , random forest
regression (RFR) and support vector machine regression (SVMR) were used to carry out the inversion
experiment of heavy metal content in soil. The results showed that the partial least squares regression
(PLSR) had the highest precision for the retrieval of heavy metal concentration in the reclaimed soil,
especially for the cadmium ( Cd) concentration, which was the main obstacle factor in the area. The
determination coefficient (R*) of fit for the set was 0.76. Particle swarm optimization ( PSO) , genetic
algorithm (GA) and Relief I were used to optimize the partial least squares regression ( PLSR) model.
The results indicated that PSO can effectively reduce the dimension of characteristic band variables and
further improve the model inversion. And the R* of fit was increased from 0. 76 to 0. 84. In conclusion,
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based on hyperspectral data, the combination of partial least squares regression ( PLSR) and particle

swarm optimization ( PSO) can effectively measure the concentration of heavy metals in the soil of

industrial and mining reclamation area, and it can provide theoretical methods and technical support for

the detection of land quality and ecological indicators in the reclamation area.

Key words: mining reclamation area; soil heavy mental; hyperspectral inversion; empirical model;

partial least squares regression; particle swarm algorithm
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Fig.1 Location of study area and remote sensing image
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Fig.2 Map of samples distribution
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Tab.1 Detection methods and limit of soil samples

JLHR Jrik KB/ (pg-g™")
f(Cd) =R NS 0.5
B (Cr) B RN NS 0.5
i (As) STk 0.01
HE(ND) PREERI TS 1.10
pH {H B 0. 001

R2 REIETZRQERIE
Tab.2 Eigenvalue of surface soil element contents

¥E, s EREFR RKEERE §4%

B N o
(mg-kg™) (mg-kg™) B/%  (mgkg™') A
H(Cd) 1. 05 0.97 92.39 0.19 5.52
#(Cr) 165.63  54.93  33.16  82.38 2.0l
il (As) 12. 85 5.57  43.35 7.06 1.82
HL(Ni) 64. 45 16.26  25.23 2.64 284
pH{E 6.55 1. 11 16.95

®3 DERITERARTEREFLE
Tab.3 Eigenvalue statistics of soil background element

content in project area

BiE, R, RR KEERE wE

Eisun " “
(mg-kg™') (mg-kg™!) B/% (mg-kg™!) FE
(Cd) 0.36 0.30  83.33 0.19 1.89
% (Cr) 87.65 23,12 26.38 82.38  1.06
i As) 6.91 317 45.88 7.06  0.98
HL(Ni) 33.45 6.86  20.51 22.64  1.48
pH i 6.09 1.87  30.71

&2 .3 M. OFRKX HEREEEIR P E S
JRITERM(Cd) B (Cr) B (As) VBE(ND) A W] i
EH,W(Cd) B (Cr) B (As) BR(ND) 02
XTSI 5. 52 2. 01 1. 82 .2. 84 i, HIH &
BRI SR 1.5 f5 00 B AR (Cd)
ik 5 A%, 5 DX SR A L, 5 P L IX
HIEARJETCRE S (C) B (Cr) Bl (As) R (Ni) &
B R X BHE 0 1,89 1. 06.,0. 98 1. 48 15,
Hoffi(As) A BT KT FRE, QR RKX
PN WS DU B 9 28 S RO B (Cd) 3% (Cr) Al
(As) R (Ni) 28 5% R B0 B 92.39% .33.16%
43.35% 25.23% ,Fi 25 (Cd) 78 7 R B K.
X 3 B SEHR A I S IR S A K, A RE T
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AETTEPWRB(CA) WEREER K, N
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2.3 HEARTENEHIERE
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1000 ~2 500 nm i N A9 RAE BT BR A 2 nm , RAEE
TEATHERN 10 nm, Lk BIBEN 1 nm G HOREE,
P o B 2 151, i TOGIRIR A S %
FISNFICLR AT, PR Il 3 6 56 7 0 6 11 B 5
AT, 38R 50 W X AT IR 25 B AF 4 Sk
WO S B, D B R AR A ELAR R 100 mm | 5
2 mm P35 A BI85 5 LA SRR 254 i 50 em Ol
LSRR R 15° B BEREAR 10 em A F G XT 1,
PRI CEF R i or T HREATE 15, A PRIEI L)
HERAPE , L R R R B At s A A A P g, 72l
THT, JEITPHLIIN 30 min, FEFE BRI FL I (DC) R4E
IERRAL (OPT) | AR IE (WR ) WP X 2% 14 7
PHEE AR HE A B Lk I AR o A P S
T AR M ERR I | B3R 10 MRS T— IR AR
KIE , AT R AL AR v b Bew il = AR
FoE M 75 X, i, 5288 L BR T 350 ~ 399 nm F
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FH Savitzky — Golay (S — G) BREMEM L 10 N
A 255K 3 Fw .,
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Fig.3 Spectracurves of soil samples
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Fig.4 First order differential transformation of soil

sample spectra
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Fig.5 Logarithmic first order differential transformation
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Kb,

A HERXT NP B, &4 ATAL Rgd S -G F
VoA B ) D' i 1 A OC R B4 XTEAE 0. 16 ~0. 28
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T il 2R A0 56 R B4 X AE 0. 40 ~ 0. 55 Z [a]; X 4L
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7E0.46 ~0.54 Z [0, TEFEEEICE & & 50
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REFAR R 5 YRR — B R L IH R st R 5L
FRGE MR AL 6 T AR R A AT B R B —
EEM

FHOC R B X AT 0.5 BB 5 A
TR EC— B i A8 4 T B4 (Cd) JT R AH S R B
T T B B — B o3 AR 4 B (5% (Cr) TR ARG
FE OGS X BB B O S 5 R (Ni) JT R
FHOEZR B, T LAA S 6 0 B — B sl 43 6k B 3 5k
— B AR R A T A

x4 THEEERESRIERKEXRYBEXEN X R R

Tab.4 Absolute value of maximum correlation coefficient between heavy metal elements and spectra and corresponding band

. S— G — s o — 5 R A BBy
KA WA/ nm KA WA/ nm i UNIE WA/ nm IS UNIE WA/ nm
i (As) 0.28 2347 0.36 460 0. 46 1 052/2 302 0. 46 2221
H(Cd) 0.16 2317 0.47 1038 0.55 1038 0.47 2303
#%(Cr) 0.28 1016 0. 38 1828 0.41 472/1 718 0.50 406
‘E%( Ni) 0.26 1401 0.36 466 0.40 907/2 008 0.54 899
s —_ R

3 REIER S F——Jf| PLSR S84 ¥ T 51 it 5% 22
FIH 41 A 3R SO X B — B g 5k yiEli

RIBC— i o3 A8 0 J i B R4 T T 4 i) e e (2) BIESHr, K T AU FELRPERIE 15

B, I BE R MR AR L [l B Y I J AR S0 5 U=TB (4)

3.1 ZetEmE IR Y, =T,BQ =X,P"'BQ (5)

i ¢ /v = 3 9] 14 ( Partial least squares
regression, PLSR) £ il T 3= Al 43, $ Y AH 5C Fn £k 7%
W1 5B 5 ¥R B A, A ik — T 22 060 22 0 2 AP (]
AR JT ¥ . PLSR S B 13 B A1 ] 051 73 7 45
BT,

(1) T30, B X F Y AEADF 20 fif

X=TP" +E (2)
Y=UQ' +F (3)
X X——F A GG

Y——FEAR T A 00 Js A

T—X W35 50

U—Y W33 4

P——X [y (B0 o )

O—Y ByFA (B0 M)

E— ] PLSR #RU5 X I B 5| 0k 1y 5% 22

AP B— XK REGERE

T e E R R AR B X, FTRCERS B P
SR ARHIRE S X, BFERE T,
3.2 JF&EmEFER
3.2.1  BEPLERARENE

FEAILAR AR ( Random forest regression, RFR) f&—
Foft B DRSS 11 v AL i o >0 Bk T T XS R AR
AT R T RSB, BR T AR 2
i, DRI P25 4 2 e 22 ) 52 2% ) 3 2 1 A B AR O
ER
3.2.2 ZRpmEEALEA

SZHFm AL (Support vector machine regression,
SVMR ) J&—FLE 3 25 it 1] I [ 50 b jip FH A R T2
AL 7 53 S AN ] I R) 8 rh 2 REAS B FUCR |, 32
Fr) EEALLE RN 3B, F AR 7 A R A P R A
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BEfl b TN AR ML R SRR LR A
FELAE A AEHEL A BE . X T ARk 1=, Hi
BEG )AL PRER 80 3 A e e it S o o A T S )
O 1 el [ I = e T v = e 1= D 4
FHARZ oRECA - 42 1) BEA% pR L ( RBF) | Sigmoid % R
S LW RS, ASCHE T RBF A SVM Y
H@ﬁ[20—27] .
3.3 REFHEERFETTE

BTGB #E AT A A By R H AR R
Z it Z AR B TUAR (R B SO BOR E
REARR , Ay MG B P AR AE R Rk A T B e 4 U
> 1 788 S A B [ B R UE SR B ANRRAIG . it —
A REEHRAE L B TR B S s RO 2
THEAIRE PE 5 N, A SCEE I 3 FiOGIE R 1E
PEIT HRAAB A T 8 7, S BUAR A T o i
MR E R E— 4 m 2
3.3.1 CRLyHERA

LT TP AE 387 (Particle swarm optimization
PSO) B4 & S HE T B ATy, & — P B TR
REMREPL SO0 S E S A S LR A Z
] A A2t R A O A8 Sk A, AT R 3 2 ) I
Z LA, PSO AL BRUNE . W) 4R A — A FL A
N m BPRLTRE  BEE W) AR O A B T R
T3 I 06 5 5 T, 96 0 97 2
I3 3ok 09 o5 G o7 ) 3 A AT LR, A A,
K FEAE Dy 24 i fi 57 5 23 01) XL 5 ) TR A3
BT HE B, PAIK B R A&k &P PSo
TR KB SRS AR | R AR B
FUHE 27 > PR 1 | 5 I 4 5 Ao e IR o) /0 3 2 R
£
3.3.2 EfEHEL

WAL (Genetic algorithm, GA) ZHR LA /K
SCAEYHAIE I F AR SRS AL LB Y L itk E
PRI S — A o AL B R AL AR 4
Rimny k™ GA M—HBENL = A 1« il
FE” (IR AT AT ) TR o #E . Horb T 47 B bk
PRy Gt | —ASAIAT i — e 2 D ou =M,
WA AF— D ICR AR Jy G o fA b iy — > 7
TEFESAT IS AR T, Yo 00 138 5 78 9 8 i 2R AT 164K
T, B UGEARER 2 R s T AR G (A, SR T3
JE PR TR — SR e B A 0 3 o R AR A
TR — AR A RTE T — e Bl
AIRESE X e (AR AT DL 5 TR . TEAR A B FRE
1R S5 ET  GE  ERE AC SORAE S 3 AN AT —
(A SR N N S u g kRPN NI X B Z)
it (g efk)

3.3.3 Relief F &k

Relief F 502 — M5 1 1 278 BB AE AR
WA FH 14 33 8 3K ( Filter ) FRAF B PR 5057 L
i I BRI R " RERRAE B 0 2 RE T EAT VRO, 255
B AI S IS B 2 S AT T2 LA, DU
FOAUE, # JERIBE /N T2 R B, U 38 AR HCASU A e
&[] 5 28 PN BEAN BB BT HEASUEL, I AR5 1) e
CAUE A TR AUE SR A

W=

diff,(x; ,M(x,)) .
S c#c%(xl) / _dlt]lf;<xz ’H<xi> )
n (n - 1 )mnl(l.\‘s(xi) mclass(xi)

(6)
TR ] B 6 S 4 5 PRAFREAS IS A AR I o S R
PAITRIRE 200 SN el

e=%«nx—Mu»n—nx—Hu>n> (7)
AP diff () — IR REAR [ i B

n—FEARHE PR

M ass(x;) —— AR B

i—— BRI R

H(x) M (x)—FEAR x BRIZEAN TR IR

BEEA KT
4 HRSN

4.1 ZMEMEER

A AR PE g e /N 3 0] U (PLSR ) #6341 s
PEAF IR 30 119 LA K] 43 AT B B0 TIE (R AE AR
30 4N, BHIEREAS 11 AS) , IS Hr s R an sk 5 Fiw,
Fh e R R AT AR 22 (RMSE ) ¥R 5 iE 4
MITFN 25, Hodh i (Cd) JT R 53 8— B il o 242
5 1) 1 th 2 B A ROR F AT, RE R R
K,i50.76 372 RMSE fi/)h, 1 0. 62 mg/kg, Ui
LT 2 A B G A6 0 - b () 4 R T R
B (Cd) B RBAZ IR 2] R PRI M E &8 TR B (Ni)
5 2R E— B i o A8 4 ) St i it 2 A A b
R PE 2B R 0.29, B )5 MR iR 2% RMSE iy
10. 6 mg/kg, 785 X EOAR B — B 0 720 48 1 O 3 it
LRAMEILL A R U AR, U AR 5 X 0, J 0
TS TC A Tl R A A T - 4 R 4 R T R AR
(Ni) S EEAZIR . JUEM(As) 58 (Cr) 5XT4L
RIBC— B o3 28 4 Jm A 6T At R B0 R 4300
4 0.54.0. 65, (HYJ5 #i% 2% RMSE 22 5% K, 43 51
K 1.94 16, 1 mg/kg, BIRULE FREL R FEAREAS T 2
TGRS {H4% (Cr) B RMSE 4 16. 1 mg/kg, 136 B A4
et Az AbBe A frik— 2 b
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%5 PLSR #3 FiEERIEN

Tab.5 Assessment of PLSR inversion results

SRTE  RDEEERE O OV
B (mg-kg™")
ffi(As)  XPEER—RRGY 15 0.54 1.94
Eh(Cd) X 15 0.76 0. 62
B(Cr)  XEEE B 15 0.65 16. 1
BL(ND)  XE—Birfdsr 15 0.29 10.6

4.2 IELEMBEER

A Lo AL 7 18 15 Bl AL AR AR ( RFR ) F S 5 ] o
HL(SVMR) 58 | [RIAEREFE AR S IR 30 109 LU 0] 43 2
FPERIGAIE (RBREAR 30 4, BEREA 11 4) |, [a]
H g R aNR 6 7 Fron, R 6.7 Al A, I KE
HLARARAN SR ] AL 7 32 ) R 3 45 SR v, A SR 2 4
(Cd) JTCEMPE RE R e, B (N LRI R
%, B 125 RMSE W (Cd) TR 4190 1,69
1.75 mg/ kg, 5% (Cr) JGZ 539124 18. 20 ,18. 70 mg/ kg, 4%
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Tab.6 Assessment of RFR inversion results

EEILE  EMEGEEHIIE R* RMSE/(mg-kg™!)
fifi (As) MBI 0.37 6.54
BEeed) BB sy 0.44 1.69
B(Cr)  XPEUEE—Ksr  0.35 18.20
BR(Ni) X R — B il sy 0.17 12. 60
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Tab.7 Assessment of SVMR inversion results

SEtE  RIOLGEEHRTE S R RMSE/(mg-kg™")
flt(As)  XTEUEIE—B s 0.40 7.87
m(cd)  XPE—RGy 0.48 1.75
B(Cr) MBI 0.33 18.70
BL(ND) AP 0.25 13. 65
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Tab.8 Assessment of PLSR inversion results based on

feature selection

FHEERI . R R RMSE/ (mg-kg~")
- 1950 0.76 0. 62
PSO 535 0. 84 0.51
GA 537 0. 64 0.76
Relief F 535 0. 58 0.81
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Fig.7 Cd content inversion results based on feature selection
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