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1.1 HRXER

8 S LU W b 2 R L P e T 5 DX T b )
B, JR i AR AR, AERE R R H I P R R, R
Pi. Jb=T¥ L, RESARRERE RIDEAHE, HFE AR
N 82°36'~83°50'E, 44°30'~45°09'N, {4 [X i AR
2670.85 km’. iZXEBIFEKE 90.9 mm, FEBEIEEK
T2 3400 mm, 3R ) Al A ORI PR R A, MRER
HAR R EE R R v T H ARSI B ILNESS . XAk
FN S B (100 LA A RRUEK
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Fig.1 Location of study area and distribution of sampling points

1.2 HAXRESHIE

AHIE T IR R A B AR S R R A X
THERERTA 2012 4E 10 H 1 HE 7 H, X35 MEA
) 4 Z 30 3% (0~5. >5~20. >20~40. >40~60 cm)
AT 1005 AR AR, IR A G /E NiZRE 55 IRE S,
—HOREEFEM 140 AN BERERIEN, BART, H%
R R HAB IR, WEBEE 2 mm FRACER . BERE G (A
R Wiy, — VB R VLR S &b, —i
FEZR WIS AT A WU 5 SR F 8 4% R A 5 = — b
TN,
1.3 KiENERFLE

K F2EE ASD 2] 1) ASD FieldSpec®3 HR J i 4%
RIS i 2 il B BV A 350~2 500 nm,
HeRESCKHBHE KA N 1 nm, KOG L O SH
2151 NP E RN ELEEI N 50 W kAT, #83k
W78 25°ImE = N IEAT, ASBFTAITE 15°, HkIE &
BRELRMIEE 10 cm, JEJEFEE AL E T 50 cm!™.
140 D EIERE R BB E AR 12 em FIEE 1.8 cm %
A, B LR TR . B T AR
BEAFE S E MR 10 K, BOGRERGE FI3MEE v IR
iSRRI, B FRE 140 AN I RE L RA I R
.

TEREE LIERE OISR, WA @B S . Rk
ER . U SRR AT R T, TGS S R

A o B LSO AR, T R T R DU AR 2R g T
PE SR . Savitaky-Golay V-1 45 & — B o FAL FE )
JEuE, AT DAV BRIE LRI UL S R AR (1) e A AL e
BISZM, R DUBR (s e EE U0, Sl 43 Hoxt A e ]
PR AR LR e A B R 202 Rk, AT Xt 140 A
JR UG -4 il 28 HE4T Savitaky-Golay P (2 2 i,
SAED A3 ChHEERBIE I mE 2 s . 2 JEE
Ty (A BLEARIBO S — B a0 [1g(1/A) ) A0 FE
eI YE S Origin 9.0 BPFEAT A0, HARJ7EmE
FEAN I E LA K AE I #E Matlab R2013a 11 Microsoft Visio
kAT,
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Fig.2 Spectral reflectance of soil samples after smoothing

1.4 TEERFFFURE

ASHEFEHIE] 2 PR, 73552 WORE- X 18 i B /s —3fe
[5]J57% (ant colony optimization-interval partial least square,
ACO-iPLS) . - 3 fF [a] & HL Y 18] 59 %5 AR VY % 3%
(recursive feature elimination based on support vector
machine, SVM-RFE) %,

1.4.1 ACO-iPLS R git#F b5 #A#

PLS SRS 7 AHSR A0 o 7 M B AR, AR
Grsfg ok T B AR R R ) 2 AL L S Ah, B
F R T REASEU D TAR B L, H TR AN REXT AR
BEAT 4 - T ACO S5 2 — Mo (7 B S0 £ AR AL B0
I e LR NMEER, S PAEGEERS
KM TT AT Ak, TR R ER AR A, D IUR A&
KHEE SRR ARHIBRAEIAT . 458 ACO 5%k PLS
ST DA RO AU LR DG G X ], BARSE S R v
W SCHR[22] - 7E Matlab R2013a % F2 3 5, HEAT
ACO-iPLS BER BT FIEGIE, ACO HikSH B EN:
HISEREAR RN 50, S RIERIRET 50 ¥k, B KA IX
H 20 0 AEIEFEMARBE N 0.3, BEVERET Q=0.01.
EREREMALBT N 0.53, KT PLS BilY, HALE
HHIREN 15,

1.4.2 SVM-RFE & Zit#4FL5 SVM #AE

SVM & — Rl o SR, R AR Ze bt ] 20 e A K
T I A R B S B i gE A AT 3 W], 2 JE ISR A
HECVI, A E R RS B, A R XU B/
SVM-RFE J7iAI I SR AT AR Rk 3%, R To00 8
%o RFE JHENEHTITG, BOE— MHERF N, Z5
THERAR MR ZEAFAIE, TSR ERIHET . HRYE RFE
Sk, MRVEMRRORAE, Soobiid 2, BRI IR R
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JETH, AR, FHOCMES I RIE, BJEHHE, HHESIR
AT HAVETE NS5 CHR[23]. /£ Matlab R2013a Zife
g, £ libsvm-3.1-[FarutoUltimate3.1Mcode] T 2.1,
SRR 4 A R ST S5 IE, i 2 ol
o5, mAWIE X epsilon-SVR R, 1% ek H 2T 1%
Sigmoid, # A2 %4 Gamma {4 0.0039, Eps 185 0.01,
C1EN 1.
1.5 (=BG

2 PP RLEAR R A1 28 SIS UEE, THEAS XISIEAR 5%
Z %0 (correlation coefficient of cross validation, Ry) « 38
N EAEY) MR 1% Z (root mean squares error of cross
validation, RMSECV) RAUACEM S A, B4 568
I AH9% &% (correlation coefficient, R) « ¥ 7R R Z (root
mean squared error, RMSE) FKAHX AR Z R (relative
prediction deviation, RPD) fif&. *4 RPD=2 K}, A
TR PRSP R A s 24 1.4<SRPD<2 B, TR RS B T
M RPD<1.4 B, TG ZERY. Hoh, 101 &igh s
y Al x Pl S AR SR R R XS 2R, U AR IR AR AR
& SN, Rl SR Ak SR AL R R T O S
121 2RIV BE R AL A RS )

2 HBREHH

2.1 TIEBNEER ST ST

KA Kennard-Stone(K-S)FLyE R 43I 2R RN RLE,
EEL 70 MEARMERINGEE, FRMEBAL, 70 MEALE
IREE,  FHSRAS I BT AR T () T KR . G T A
ANFE S A AU R M R IGEE RS, IR A L 4R
i HARRMERIRE P E IR ER

22 K-S R4 H B SR sE AR A 1 A ML B B
GtsERWE 1 P, R 1 HalLLEY, IGE+TE
HURR 5 B2 B AR 2.9723%, B/ ME = 0.0241%, F

PIE N 0.5050%, FriEZE 0.6421%; MRS A LR T E
SERKAE AR 3.4283%, /MBS 0.0094%, “FEIMEN
0.4008%, HriEZE 0.6461%, SRR ZREATNREE N
S BEALIE G, T AR I P Ao

*1 TEANESEREES oW

Table 1 Descriptive statistics of soil organic matter content
B FRM e mkm wm TR
Models PC Min/% Max./% Mean/% > oncarq
number deviation/%
Ty
L}.”fﬁ‘% 70 0.0241 2.9723 0.5050 0.6421
Training sets
Sl A
b 70 0.0094 3.4283 0.4008 0.6461

Testing sets

2.2 ACO-iPLS F1 SVM-RFE L ERIF R IEHRLER

BT et s — A oE e LT,
XA AR, B SRS TG R, F
FIZ S AR R S, ANME TR GRS, IS AR
Kol FEPE. Rk, X RS LS =R, e
ACO-iPLS FI SVM-RFE W #7772 53 %t R 46— B i o9«
(BB B — B i o BEAT AR AR AR R A B, 7E Uh A
HENL TR

PR 7 VR NI U B DA S AR 4 TR N 3R 2, IR 2 T
LB H: FIFH ACO-PLS J7iZidit REEAR IR I 2 J5 &
SER R IR — B AR R R, Ry 15 2] T 0.8647, RMSECV
14 0.329%, Tl Ryi& 3 1 0.8297, RMSEP 1 4 0.396%,
RPD & 1.63, A7 REMSHEUT skt T3 kE b AT FoiAdy s 131
o BB ik 59 RPD N 1.10, RERURBERS SHRE B b AT
iAo FIFH SVM-RFE J7 i i R E s KR B 2 J5 &1
JRIE— I R, Ry iAE] T 0.9687, RMSECV 1%
N 0.158%, Tl RyIAE] T 0.9091, RMSEP 114 0.268 %,
RPD /y 2.41, MEALREMENIHE SR I Hbdb AT A4t s {8800
BB () RPD N 1.44, R GEGE SRR FhBk AT T -

%2 ETF ACO-iPLS #1 SVM-RFE B3 R 1% BUE AR R I8 E
Table 2 Selected feature wavelengths and training sets and testing sets results by ACO-iPLS and SVM-RFE methods

JIZ4E Training sets ML Testing sets

AT kb3 NI
Modeling methods  Pre-Processing Selected wavelengths /nm Ra RMSECV/% R, RMSEP/% RPD
A' 1786~1929 0.8647 0.329 0.8297 0.396 1.63
ACO-iPLS
[lg(1/A)] 1786~1929 0.7293 0.496 0.8243 0.586 1.10
780,1911,783,779,768,759,793,794,
A’ 2254,910,1677,1912,2089,745,825, 0.9687 0.158 0.9091 0.268 2.41
2088,746,2090,1913,1751
SVM-RFE
706,736,731,1943,779,721,413,510,
[lg(1/A)] 704,397,732,1944,1085,2091,2347, 0.9989 0.033 0.8111 0.448 1.44

881,2422,1966,2257,2111

E: ACABEIE— RO
RAERITTIRIR %, RPD A HTiR%E, TR,

[e(UA) AT E 5, Ry AL XSS R, RMSECV A X IAERI JTRIREZE, Ry AR R, RMSECP Jill

Note: A’ represents first derivative with reflectance, [1g(1/A)]’ represents logarithm of inversed first derivative, Ry represents correlation coefficient of cross validation,
RMSECYV represents root mean squares error of cross validation, R,represents correlation coefficient of the testing set, RMSECP represents root mean square error of

prediction, RPD represents relative prediction deviation, the same below.

2.3 ARIFGELERFIERERIIL

LA RSO ARAE R, TR — I I AR ) B
MR By, DRI RO s — B o Bt AT 2 Ahs
TR B A S BT VAR L #1613 181 4 73

T R TG — B Bl 20 A2 e T AN [ B3k I R A 90 1K e BN 4
o F 3 RAFFIEERIG B o 2 T rdsias
b, B 5 RARSER LG — i I ZRg Al 4
UL 45
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Fig.3 Selected spectral interval by ACO-iPLS with first
derivative spectra
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Fig.4 Selected wavelengths by SVE-RFE first derivative spectra
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a. Training sets of ACO-iPLS
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. STHEI EALIZRE
c. Training sets of SVM
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R3 TEEEEIMITIEENKRE EMEMNERKRIEIE
Table 3 Comparison of results by different models
B — U”?ﬁ?& Traj‘i“gj‘ets MREE Testing sets
Modeling X XHHE 2 XIHE
methods MXRRE B RRE

ARSI HT
MR Wi RE

0 RPD

Rev RMSECV/% Re RMSEP/%
AOC-iPLS  0.8647 0.329 0.8297 0.396 1.63
SVM-RFE  0.9687 0.158 0.9091 0.268 2.41

M 3 AT LB H, ACO-iPLS 77 E4E BN KX ]
(350~2 500 nm) X504 15 ANF XA, HAE 11 AH~TFX
18] I RS SCIGIE ) 7 AR 1R 25 RMSECV /)y, BRI e A ik
XA T 1786~1929 nm. MK 4 Fa]LLEH, #
Fi SVM-RFE BEATHREEAR & 55, 03 35 75 AR % 22 3
EIEH 20 MFIEBE K (IR 30 MEE 2K, B
RE T IXEE X [A]) , Xy K T E A #E 745~910 nm,
1677 nm, 1755nm, 1911~2 254 nm i, PifEfr
HEA T IX e X ]

M 3 T LA, PR AT, TSR
BHLEIENTRFEE 27558 RPD #id 7 2.0, mF i
HE-X e 3. Bbah, B S 2RI 720 R
I — ko B RS IE AN 3G E I F & 45 51, B AT LA
SR RN REA SRR S AR E 10 1 2R
M, FMRCRRLF, X5 LEmrss R

R =0.8297

P

RMSECV=0.396

Tl & Predicted value/%

0 i 2 3 4
Szl {fiMeasured value/%
b. ICHE-f S/ — 2fevk A SR
b. Testing sets of ACO-iPLS

R =0.9091
RMSEP=0.268

TR Predicted value/%

Sl {fiMeasured value/%

d. SRR LIRS
d. Testing sets of SVM

TE: Rey N XIRTEAIR AL R MMM R %, RMSECP AL I iR 2=

Note: R represents correlation coefficient of cross validation, R, represents correlation coefficient of the testing set, RMSECP represents root mean square error of

prediction.

B S RR IR —I D 4 A K R o) LIRS T
Fig.5 Comparison of measured and estimated soil organic matter content by different models
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INTHIRBER AR, (HIE I A& TS B VA AN @A VA &
FEE, ARAEREE 140 AR a0 e L, R 2 Fh
HeiE A H AN, SO X (8] fwfe /N Tl Ak, T 0FF

) AL A [ JHARFAE T 295 BEA TR AR R B A
3.1 T RIMAIEHERIRIT L

eV TRUAL P R L A Bk - 3SR TR % i Ak 24 58 46 A
FR AN, WIS H 6 0 B S 3 5 A HURKR & & 2 18] FO AR
Kk o ANFEARHIT IR EBLLE RA BT . £R T
W A N S BAAT S, R WFFERN, i
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THRAL R 77207 LA s T RS B, an—B i R3O0
B—B sy N —Mn%E. ARgRER, EW
gk, R — R R R e ), AT
BB — B 4 . Zornoza PR R IR, SR
JRIGE— R LA ALY, BRI R,
ERBHIEF] 0.95 F1 0.98, X S5ACHF AL .
3.2 SVM-RFE 5 ACO-iPLS 4F{F3r &%

FRAEERE, S nT WOG-IE 20 AN R I 7t 28 56 B B —
W, —J7TH AT CATRT AR T, B = B R A AR & 1) 5
B, SRITNEE 5%, FafdbEir fA IR

M 3 WA, FETRHMEER SVM-RFE [ 20 /N B
BT IR RLTRIAE 8T ACO-iPLS HRFIE % B 7 [
AL, 388 SVM-RFE W] fig & 38 HUBR G AT 2L SR E
K7 A5 R A SVM-RFE 2B 1T 51X LA B
BRIVEAE B B BE T T 745~910 nm AT 1911~2254 nm iX
PRANX [A], X5 20 SR P A Pk R A HL
BRE B BUR X 5 (600~800 nm 1 570~630 nm) H —
EES, XATREMBT N LI . SRR ) &R [F] i
B TS R R E R G, AT R IR Tk
AN S BUE BV RFER BN o N SVM-RFE $FEEFE )
JREERI A, 1% 7 AMEREE A SCRFIE I BE 2 bR TU R4
fIE, TIAH DL HHRE, RRAE 2 (8] ] BEAFAETUAR
3.3 SVM-RFE 5 ACO-iPLS 15 EI¥E BRI EL 4L

M 3 ATLUEH, PREEEF, TSR &
BNV EES SR EERPR ERiNsey s RS 3 SO =i . V& i P ]
P foe /I AR BT A9 o =3 T iR R AR IX ) /> — R v
o, OB SRR AR RE SR, BT AEIAT RS
R, ERAEIEEPT IR A S B IS RIS . R H Y
] RS R I AELE BN R B AL B v R, B AR ST
Fl ACO-PLS I%#% T AR F X A, H2A i REE I
by X (R HAPAE /D B (R K A A, DRI R ARy ) 3 2
SR BRI R A, BRAEIE I IX [R] Kl 4 %
H (R 15 AN FIXESCA AR 20, £52 304 , &
SRAT DL R IEA ), AHR AN REMAR A FAg Uk

SVM HikJE T a5 a i Y, AL 7 vk g
Ko T i, RO E PSR BRI S50, BT IR R,
TEIIZREE N T ARUE 45 AR B /M, FRVFAZELE R 4 1R
72, FHHXIXE R EIAT B MET, ROEX A
TEAEMR AR T RE S 1A B AR5 R RS IS, AN SCHERAIE T 1%
S5, HLFUINRS E RPD fiik 2.41, & T ACO-iPLS 1] 1.63.

AT FiE FH 2 VA Y i 5 /)N — S AR 2R PR AR Y S K
] B2 ML AE SO0 =5 PN 6 1 5 X VR b+ 3 LR & & 0
5E, BUS TEONTHESE R (H5m 3 SRR R
BT AU R DANEE RIS, R RREE
0 WA, BFEHBETIEASSEERNEK. Wi, 7
RKETAEF, TG0 570 5 el = A 42 U 36 5 O 7 4b
SR e, 0 I T XU T SR T A S e TS
W& DA R 5 FE B 22 A0 LR B Rt FL B . SRAE T 2 i [X AT
ANFERB IR AT IEE, DA T 5 X A AL
oy B TN ASE 28 PR R o

4 £ ip

AH AT LA X S R AT ALK, R R EER
140 AL 5 1) 25 P SN T AT L 3 LR R s U
FET RGO AR B — I iy 2 Flobis ik e
fa b5, 8 ok WCHE - XA W dR /N 3k Cant colony
optimization-interval partial least square, ACO-iPLS) F13Z
FEm ENLAT [EHFHETE 275 (recursive feature elimination
based on support vector machine, SVM-RFE) P fhi 42
WURFEAS &, #L7 4 FRiiigesl, i 7 s
Plbk & &, 191U 2L

1) JRAE— B oo R EIEO 280 B ok o B A 245 SRx)
PO I, 28 J5L 05 — i a4 T Ak BE 42 37 1) i fe /) — Ffe A1 S
FRr EAVBAY, O B 2 R I H & T B0 20— B
Sy TAREE,  JF AR — B S 1 R B /N 3R RN SR )
PSS (IR R 0 iR 2253 A 1.63 F1 2.41, {5IH00 40—
Bk 7 Ja ST PR O 5 /0> - AR 0 S A ) S ATLABE 8 PR A X 23 A
WREESF I 1.10 1 1.44,

2) XFHE 2 FRRIEAR Bk TR, ARG — o
FMEIEOS B — B sy 2 Fhfib B 75X, FET SRR &AL
(5[] HE A 259 (SVM-RFE) 34 20 S BT 1)
RS, FEASORE FE AR T ISOHE- IX Al /)N —3fei%: (ACO-iPLS)
LIS AE — B3k 4 PR FROIIDORS FE s R Rt HLARXS 23 #r i 22
9 2.41, HREES FAT DAR B bl B O T 5 A Lk
. Ft, KA SVM-RFE FiERE I B0
AR IURFIEAR B, FFESL A 777, AR X R
TEEE OGRS T R AR .

3) FIH 2 FRAIEAR B e R 00 SR 46 — B i oy 52 B Y
P RIARRT AT iR 28 = T 1.4, B LU RIEAT T8
X Wb A MLk & =TI, H RS FEAN R . SCRF
M [A 5 (support vector regression, SVR) 7 [ X} 4
AT 5% 75 K BE = T O e /N e [B1 9 (partial least squares
regression, PLSR) . SVR EALINALE K AH G REUA ]
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2. Key Laboratory of Oasis Ecology Ministry of Education, Xinjiang University, Urumgi 830046, China)

Abstract: Soil organic carbon (SOC) is a critical soil property that has profound impact on soil quality and plant growth. It is
involved in soil structural formation and atmospheric carbon sequestration. This is especially true in the arid and semi-arid
regions. Accurately detecting SOC is an important issue. Traditionally, SOC is limited to laboratory determination using the
techniques such as wet or dry combustion, ion sensing electrodes, loss on ignition, or via chemical assays. Yet those traditional
approaches often involve expensive testing materials, time-consuming sample preparation and production of excessive
environmental pollutants. An approach which can quantify SOC content with time and cost savings is needed. With 140 soil
samples acquired from the Ebinur Lake wetland protection area in Xinjiang, China, this research attempts to apply 2
algorithms in hyperspectral data mining, namely, the ant colony optimization — interval partial least squares (ACO-iPLS) and
recursive feature elimination — support vector machine (SVM-RFE) to improve the estimation accuracy of SOC content using
the visible and near-infrared (VIS/NIR) spectroscopy of soils (350-2500 nm) in laboratory. After convolution smoothing (S-G),
2 common spectra pre-processing methods, namely, first order differential and first order differential of the logarithm of
inverse, are applied in the hyperspectral data to extract the feature wavelengths. Results indicate that the feature wavelengths
pertaining to SOC mainly are located within 1786-1929 nm with ACO-iPLS and 745-910, 1677, 1755, and 1911-2254 nm with
SVM-RFE. With the extracted feature wavelengths, the ensuing models with the same 2 approaches are established with the
half of the samples (70 soil samples) as training set and the other half (70 soil samples) as testing set. The results show that the
spectra processed with the combination of the S-G and first order with reflectance perform much better than the logarithm of
first order differential of the logarithm of inverse after the S-G. Compared to the linear model used commonly, i.e. ACO-iPLS,
the nonlinear model SVM-RFE pre-processed with first order differential with reflectance produces the higher estimation
accuracy. The root mean square error of cross validation (RMSECV) and the root mean square error of prediction (RMSEP)
for the SVM-RFE approach are respectively 0.158% and 0.268% in the training and testing set. The correlation coefficient of
cross validation (Rcv) and the correlation coefficient of prediction (Rp) are 0.9687 and 0.9091, respectively. The relative
prediction deviation (RPD) of testing set is 2.41. The RMSECV and RMSEP for the ACO-iPLS approach are respectively
0.329% and 0.396% in the training and testing set. The Rcv and Rp are 0.8647 and 0.8297, respectively. The RPD of the
testing set is 1.63. The SVM-RFE approach pre-processed with first order differential of the logarithm of inverse produces the
higher estimation accuracy than the ACO-iPLS. The RMSECV and RMSEP for the SVM-RFE approach are 0.033% and
0.448%, respectively. The Rcv and Rp are 0.9989 and 0.8111, respectively. The RPD of testing set is 1.44. The RMSECV and
RMSEP for the ACO-iPLS approach are 0.496% and 0.586%, respectively. The Rcv and Rp are 0.7293 and 0.586, respectively.
The RPD of the testing set is 1.10. Over all, the good performance of the SVM model can be ascribed to its good capability of
dealing with non-linear and hierarchical relationship between SOC and feature wavelengths. The results are fairly satisfactory.
This practice provides an efficient, low-cost, potentially highly accurate approach to estimate SOC content and hence support
better management and protection strategies for desert wetland ecosystems. The next step is to attempt to apply VIS/NIR
spectroscopy technique in the field for further research.

Key words: soils; remote sensing; regression analysis; Ebinur Lake wetland
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