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Abstract: In recent years, the technology of visible and near infrared spectral inversion of heavy metals in soil of a mining
area has been attracting more and more attention. However, the contents of heavy metals in the soil are often so trivial that
their spectral characteristics are very fragile and hence the requirements of their inversions and for the models should be
much higher. In a study on inversions of heavy metals in the soil of reclaimed mining areas, the technology of extreme
learning machine (ELM) was introduced to inversion modeling and compared with the traditional partial least squares re-
gression( PLS) and the support vector machine (SVM) methods. After pretreatment and correlation analysis of spectral da-
ta, the three models were used to inverse the data of 30 soil samples, and 10 of them were chosen for model validation.
Results show that the model of ELM was higher than the models of SVM and PLS inaccuracy of the prediction of Zinc
(Zn), Copper (Cu), Cadmium (Cd) and Chromium ( Cr) and more or less the same in prediction capacity for Plumbum

(Pb) and Arsenic (As) with SVM.
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mining area

SR Bl A AT 355 B | SR 4% 1 A1 I 45 ML 5
RE NI AW 7 2 4 B R B 5 IR
DR SRAT DX MR Bl o A A BN, — e AT
B R BEGEYIRZ 0 AR F , inAE 36 B
BRI AN R A7 55 o B RREAT £4 H F e
BY)e , Forh i) 22 7 B 4 Jm 7E b S BRI R ORI
A%, i H AR AN E Y R 4 o B )
FEANAR 3 A B T 8 b R PR R
A B X e G i i Ao B A B X
BB HHE

LG SLE A A AR LE, A AT DG 215k
DTN M J A ) S I AE 5 DR S 4 A T
Wisz B EA T BRI S N TR

AT O 1 25k o h I TR g
M B 7 3 Qi B /)N 3 (partial least squares re-
gression, PLS) B3k 32 2| iz N Al HX) T 248 54K
PR A SE VAR B 90 0E T AR R ML AR A 2 S
I 22 B W I 90 3 1 T 3 4 8 o 43 T Ol
‘Eﬁ@*ﬁsﬁiﬁ[&ﬂ s N 3 H ) &= AL ( support vector ma-
chine, SVM ) Fl A T # 28 W 2% ( artificial neural
network , ANN) &%

KB, 2015-11-10

EEUA . EERHEFER M TAEL T (2014FY110800) ; FE % AR
Rl2f 4 (41471356)

@ #(ZVEH E-mail: tankun@ cumt.edu.cn



214+ S

5 & K W K o

932 4

SHI %' Gi it T Ir ARk Xt 8 Fh + 8 5 4 ) i 1
RSOGO AT 0 A SCRR , F 5 1 X403 A
FEIAR™ B4 = D0 B DT i AR X 75 G XA
WX A 10 A Bl TR T AR O Tz /Y 5 i 2
PLS™  WORMRZ Y2 H 16 PLS SEmk FRRE N A
R TIN5 2, BALABIN 2800 1 Fi Al WG AT 2141
ljaﬁﬁﬁjif% rﬁJ LA S ( support vector regression,
SVR) 5 ANN 25 JLApEZ T 360 L 5 i s oo
RIFATROEM S, AL SVR A B &k (HK
AXTE G R AT AT, E WA R 2
T HETT SVM A5 ¥ 00 B 45 Jam EA T S T TN | G R 2
Bt BRGNS SVM EHN 2 i 4
JE W BYK R Cr 2 JEAT S0 S 0 A IO T4
U SRS B 5 WA A R X RS AR
PEAT RO 5T 0, A BB /N 3R SR M) AL (least
squares support vector machine , LS-SVM ) X} Z2 #fi & 4>
JeE BTN A R S PLS , (H I AN 2 3 i 1 0L, LS-
SVM B A Fa 2 7 ; TAN 261 5% FH [ 38 1 R4
2 258 (adaptive neural fuzzy inference system, AN-
FIS) Bk X & B IX L H G R As 4T 3,
ANFIS (RS BB W AR T PLS; b — % e T
WICUTLLAM AT A I % B, i BR 27 > Bl (ex-
treme learning machine , ELM ) &% 5 i &% /)N —. 3¢ 43
B 0 3] ( partial least squares discriminant analysis,
SPA-DA) \LS-SVM — iR BIAR S kG . [HJ2 ELM
D ETE S G 1 18 S A - 5 R 4 SR U Ny

BHANZER,

BB 2 TRUAL A e ST ERHE | AR AR A DG
SIMET AL X 6 il 4 498 F 4 i B RS A O AR AE D
B8 ELM ik dEE 0N, IF 5 R A S 41
f) PLS 1 SVM J7 7k MASERURE B Fnfe s v 5 i b 47
XFECAHT , ARER ELM S0A7E S i i + 1 i 4
J& S A T

1 FFREESHIERE
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A FE IR T VLT3 48 TR N T L2887 X, M FRASE
B oALLE 34°17'51. 617 ~34°22'54. 33" | A 45 117°03"
37.69"~ 117°08’59. 83", KLl AL 1 98 km”, #F Hb
3 300 4% hm?*, HL AR 43 0y # Ul 0] v o5 3 JL, b 345
/o 5 D o= R o e N 2 1 e R 1Y
WIER L2 )5 I T2 2R 1E s i 52
Wl , T HO SR P L e, LR R TAEE T
2000 4F5ERE, B B L FEH TR A, 7E
5T X N 3 He/NAE Hb 430 R T A 52 R FT |
WK BRI FE AR R B X, H“S” B REEN TT
TRAEER Y R SRR 10 ARE A, 3 30 NMEEAR 4
VN2 B SO IR [ T S T A 1 PN L e
FEARGHE 2 4y, — ik 2 A0 2= S i = A 8 4 )@ &
i, — ik B E OISR = AT RO R R
WGE . S % B4R S a2 /R sk 1 o,
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Table 1 Statistics of measured heavy metal contents in the soil

-1
Geittatn w/(mg - kg w(Cd) /
Zn Cr Cu As Pb (ng - kg™)
H/MHE 30. 47 65.85 12.25 0.55 9. 64 25.05
IrYNE] 95.20 117.76 63.55 9.61 33.53 164. 99
FHME 62. 48 94. 99 30. 81 3.19 23.11 79. 85
hrifE 2 19. 85 16. 09 10. 66 3.27 7.81 30. 26

1.2 FiENE5HaE

F B AR E P iR T, R SEE ASD &
FIHE P2 Y FieldSpec3 Hud i I 2 + AR 15
TR AR I K JE FBA 350 ~2 500 nm,, 7E 350 ~
1 000 F1>1 000~2 500 nm X[ fit) R £ 8] B& 43 51
1.4 F12 nm, G55 HE50 500 3 F10 10 nm, 615
HORAERIFE M 1 nm B 1 2 BCEOCH 2 151 4>, i
D A A R IEREACR AR 10 YOLIE R %, &
B S i it e 5 OV BB AR 2 AR R 1 3
SR DMRIE G 05 i e mf . SRR AR Y R

S & 1 R

AT AR R AR o AR AN AT Sk A b A2 B B L
PRI 2R A S, R B G T 40 3 HAL T O iy M e ohy
e, SN I AR DG T R AT P T AL B AR 1 B il |
AT — I S EUS B (first derivative, FD) | B 544
7 (second derivative, SD) | Fi #E IE 75 48 £ 28
(standard normal variable, SNV ) DL K % 22 4t 2 B A8
i ( continuous removal , CR) B Pl 4b BEAR fo 45 B 5
X EREAS 8 B 42 S 5 b R AT AH GV 0 A, B 45 b
4 55 G R AR 7 4 S R DG M A R 18 I B A g A
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Fig. 1 Soil spectral curve

2 BUATEENER%IT
Table 2 Statistics of the selection of characteristic varia-
bles

oAb BRAL e Zn Cr Cd Cu As Pb
buss PNt 12 11 9 11 13
— B EUE 11 5 8 5 7
B 515 5 G 5 12 13 9 10 11
Rt I A AR F AR 4 5 6 2 4 4 7
Mt 33 34 32 29 34 33

2 MIRAE

EHGIA ELM J5ikilb A7 R st 3t 5& 5
PLS J5 i AT A SR 4L A9 SVM 5 et 556 He 43T
2.1 PLS

PLS HH BRUN 28 35 11 1 2% % Herman T 19 22
80 AFAR B WA Y, X 22 o0 4 M el U A A ) — b ik
b, TSI 2 X 2 1 AR, A A R R A T
FRES 5T TR S A3 B R ] I 43 A 5 ik
P RE a5 L T VR AR O i T N R
il

H<W1’WZ,"'wasbl’b27“'9bl"X1’X29"'
g(W, - X, +b,) g(W,-X, +b,)
g(W, - X, +b,) g(W,-X,+b,)

’XL) =

g(W Xy +b,) g(W, Xy +b,)

B="7 | . (6)

2.2 SVM
SVM J&—Fh 3 T 45 F Ak AU Fre /N O L 17~
Jrik, ERENS T IR 45 e vk 22 00 B — L VI 2R B8 19

Ak 73 B 1, REAL B/ VEEAS AR | A
)L, 3 v M i 22 0 2% v Jmy il AMEL RO ME L, SVM
T SRR ) L v RE 8% LI Ak B/ MR ARSI 454
I BHA R m R
2.3 ELM

ELM i HUANG 25" 4 1 2SR fift 5 RGUZ i 15
2 W 4% ( single-hidden-layer feedforward networks,
SLFN) iy —Maa7k . ELM DI R ) R
TFRY )32 1 0 1 B S RO A I ST )
TEAGU, R4 HUANG % B 5y 25 L ELM
JRERANT

XA HRE M W R N MMEER
AKX ), Hib X, =[X,, X, X, ]" =R"t, =
[ttty ] € R™ o XA LAKRZT SR EZ
ML T LLIRIR A

Y Ba(W, - X, +b) =0, ()

A(D)H, =12, Nsg(x) NG REGW, R
A 8, M AT 50, J5B i NRUZ IR E W, -
X WM X N, SRR R g I i H
it iR 22 /N, AT RARIR

Zl lo, =t | =0, (2)
RIFEAE B, W, Fl b, 55K (3) BT
;&Am-&+hﬁn (3)
AT LR MR
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(), H BRI 58 ke WA T o
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R Z e W 4 SRAF IR AL AL R W, .6,

B, M (8) WL
IH(W,,b)B, = T =wiis | H(W,,b)B, - T
(8)

FE ELM o, — B A AR W, MRS T2 00 i B
B, WHEHLIAE |, B2 0% R H O — 8 E
YIZRELRE Pl 22 0 28 1T UG AR R SR i — N tE &R
G HB = T,7F Him A B T LI .

ﬁz =H"T, (9)
A (9)H, H* NHEFE H 1) Moore-Penrose |~ Xt

“H FH TG PR g (x) A3 sigmoid \sine  radial ba-
sis , hard-limit , symmetric hard-limit  satlins | triangular
basis ., linear , positive linear F/ tan-sigmoid L
2.4 HEERWEFNGE

R AT LG T £1 A1 D 1% T Ak BRAS 3] 114 & 722 4
JCIEHEAT T 4 A JE o B O I SR TR E R AL
R* ¥ 5 B 1% 2 (rootmean squared error, RMSE,
E s ) B E s S TRIAEASF S (E (M) B HUAE E s/
M AE AR FOORG FE RS . R® B2 T
B AL E R A T 0~ 1 Z[H), R? B3
b1 WIUR ISR R Ve ) O O S U S €
PR - A Y O 22 2 A P 115 22 A — Tl
BT R JT %

2 PEE T R AE YR G A D
FREAT, K Egye/M Gt AT 00T, E s/
MY L2 I 5% 25 A TN RE AN (1 R A 2 (i i
o7 O, SR L) e v ) TR B Y A2 2 BT
B 5 RN AT LIOKE 22 b o0 46 Jag 1) FUI0 A 1 0] U 31 42
— RUE N AR )X 1L

3 EEBIESERST

Xof A A L 4 J e IR LR 82 43 A 4 S 30 A
AHE 2 0 1 A ERBIRI S R U AR AR RO AR | 15 51
6 LA , B 2H B0HE A B B 0 B b B 4 IR I 2R A
TR SRISE X RN 48 K 20 D UIZRFEAR
ArRlaE A 3 PRI AL UE AT AR, 2200 Z IR S B
T 5 AT B B R 10 AT REABE HE A
B ASRDRG B HEA T 4G 35 FIEA
3.1 RENEESH

3 FPBCHRI TSGR R? JE e T E s/ M (B IR
3. XF 3 Bl ERIN Oy ik AT R LG 2 A, KB SVM A
ELM #{& F 2T PLS, AEXTE 4 Zn Cr Cd Al
Cu FEAT I B, ELM J7 308 B fe s, e R? des,
E s T E s/ M AR T A F57: 5 (H LT As Fl Ph

B TROINORG B ek 55 . 76 0O R 42 R As B, B4R ELM
B Epys 5 Epue/M PHETF SVM, {HH R? AL F
SVM ; 7E T 42 J& Pb B, /R ELM [ R* W= T
SVM HH E o5 Epye/M BT SVM, SRS,
FETM As A1 Pb B}, ELM 5 SVM (%) TR i 3L 7R
Y,

#£3 BERBEEST

Table 3 Statistics of accuracy validation of the models

EEJE i) R? Egys Egns’M
Zn PLS 0.873 0 6.941 3 0.107 1
SVM 0.885 1 7.036 0 0.108 6

ELM 0.901 2 6.403 9 0.098 8

Cr PLS 0. 868 1 5.9399 0.061 8
SVM 0.900 5 4.973 2 0.051 8

ELM 0.913 6 4.469 5 0.046 5

Cd PLS 0.536 2 20.990 7 0.261 5
SVM 0.602 5 19.483 7 0.242 7

ELM 0.708 5 16. 649 3 0.207 4

Cu PLS 0. 886 8 3.099 0 0.104 8
SVM 0.903 9 3.003 0 0.101 6

ELM 0.924 8 2.804 6 0.094 8

As PLS 0.943 1 1.368 3 0.424 1
SVM 0.972 0 0.876 0 0.2715

ELM 0.965 3 0.703 7 0.218 1

Pb PLS 0.907 1 2.6327 0.113 4
SVM 0.962 2 1.591 9 0.068 6

ELM 0.965 2 1.650 1 0.071 1

R RUGE R Egys WG MOV,

3.2 HEREMESH

IRIRIRAE s A 7E 3 AR DX, B0
BREABAMAAEB KRR, WA EEE &5
AR XL R 2D, 53 S5 K b o 4 J o B AT
HEFP , 22t B2 T AR 22 o 19 23 A 8T, B 2 i s (e
AR JEUA SRR G O, R ERE AN B
P 2 P S A W HE e AU, WS R
P DI 28 1 5 2R LA A g 15000 L A 5 A 15
MR HAEH . TLUE H, HEJE Zn Cr F1 Cd
HAR b RZE (BT R L) AR AR, o3 AT AR 2
M JE As F1 Pb 2297715 W] A9 Kl 7 AT BL G,
PAFHERME S Z At i, RIS [a] R i B 4 J ok 22 5
BOR, XHAB, AEX LT ELM BTN AE 1 T
Wi, RIVBERUAS & P [ (H T RE 345 5 SVML &
AKX A 4 e A8 T 25 SR AT U, A B
ELM Ry BN AE J1 44958 T SVM,

IS B PRy A R A T AE -5 T A 20 Y R AR
Pt o, HoA URME R I 2R A 1 22 | U RE DI
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Fig.2 Concentration ordination and

distribution of heavy metals
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