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P B REERBE 2 Z RS E R, I HIETHLER % 2 0 3 EC MhI RS B &4, TR X b sy A4
AL TRES %

KB oLk, IS LB LIk E R, i

HESES: 0433.4 XEAREES: A

Estimation of Soil Electrical Conductivity Based on Spectral Index and
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Abstract:  Objective  Soil salinity is an important indicator for evaluation of soil salinization in arid regions. It is of great
practical significance to grasp real-time information about salinization to disaster prevention, ecology stabilization and

harmonization of human-land relationship in this area. =~ Method A total of 400 soil samples were collected from the Weigan
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River-Kucha River Delta Oasis in the Xinjiang Uygur Autonomous Region of China in October 2017, and prepared, separately,
with distlled water into suspensions, 5 : 1 in ratio, from which soil extracts were obtained for analysis of electrical conductivity
(EC) and VIS-NIR (visible-near infrared) spectral reflectances in the laboratory. Based on the obtained data and the Monte Carlo
cross validation (MCCV), 364 samples were determined to be valid. After the raw spectrum reflectances (R) were pre-processed
with differential, absorbance (Abs), continuum removal (CR) and three others, 21 spectal indices were selected and established.
Then based on the 21 optimal spectral indices, EC was assessed using the back propagation neural network (BPNN), support
vector machine (SVM), and extreme learning machine (ELM), compared to the partial least squares regression (PLSR), and
validated with its root mean square error (RMSE), determination coefficient (R%) and ratio of performance to interquartile range
(RPIQ).
R_DSI (Riss2, Rao10), R_RST (Ragos, Razs7), R_FD_NDSI (Ri376, Ra142), R_FD_DSI (Ry376, Rp124), R_FD_RSI (Ryo13, Ra1a2),
R_SD_NDSI (R416, Ra470); R_SD_DSI (Rgo4, Ry373), R_SD_RSI (Rego, Ra3ss), ABS_NDSI (Ragos, Rp168), ABS_DSI (Rago6, Ra2s7),
ABS_RSI (Rypo6, Ra16s), ABS_FD NDSI (Rg7, Ra490), ABS_FD_DSI (Ry376, Ry123), ABS_FD RSI (Ryg13, Ra142), ABS SD_NDSI
(Rioss Ri7zs), ABS_SD_DSI (Rgss, Rizza), ABS_SD_RSI (Ryg9, Rass5), CR_NDSI (Ran19, Rpze1), CR_DSI (Rapng, Raggr), and
CR_RSI (Ry19, Ra261), among which R_FD-RSI (Ry9;3, Ry142) is the optimal (# = 0.649) one. Compared with the PLSR, the

Result Results show: the 21 optimal spectral indices based on R and its pretreated data are R_NDSI (Ryg06, R2257),

machine learning algorithm (MLA) could significantly improve accuracy of the model, with the R* increased by 34.55%. Among
the three models using the machine learning algorithm, ELM was the best (R?= 0.884, RMSE = 3.071 mS-cm ™', RPIQ = 2.535).

Conclusion In this study, different spectral pretreatment methods were used to obtain 21 optimal spectral indices. In
constructing the spectral indices in this study, besides considering the remote sensing mechanism, it is advisable to explore in
depth more implicit information. Compared with the traditional linear model, the MLA-based soil EC estimation model is
obviously higher in accuracy. All the findings in this study may serve as a scientific reference for quantitative estimation of soil
salinity in arid regions.

Key words: Spectral; Soil electrical conductivity; Spectral pretreatment; Spectral index; Machine learning
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propagation neural network, BPNN ). SZ¥f[m] & Hl
( Support vector machine, SVM ) Fltk FR 2% > HL
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Fig. 1 Location of the study area and distribution of the sampling points

R _FD) K — M4 ( Second derivative, R_SD ), &
e ( Absorbance, Abs ), IR F—B 350 Abs FD )
M5 (Abs SD )., #EZE% B ( Continuum
removal, CR) 7 FOGIEIE A i @t i a 4y ot
TR
1.5 MiEiEEaE

SRy A R DG B A R 5 5 RS A N o
P, WA E, SRS ASEEY, FH
OGS RN R — O R4 ( Normalized
difference spectral index, NDSI ). 2&1{H 6% 45 %k
( Difference spectral index, DSI) & Fu{E i+ %
( Ratio spectral index, RSI), HA&KEAXUT .

NDSI,, ;) =—"—7= (1)
’ Rﬂ1 +Rﬂ2
Rﬁ’]
R8I, 1) =2 (3)
)
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ELM ¢ K802 19 R 8080E N 30, Bk 3 Mhor ik
Matlab R2014b #5218
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( Random sampling ), K-S ( Kennard-Stone ) FlIZ&F
B4 x-y B SPXY ( Simple set portioning based on
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7% CHR[22].
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( Coefficient of determination, R* ), ¥J )5 #i% 2% ( Root
mean squared error, RMSE ) 1 U 43y % [1] i ( Ratio
of performance to interquartile range, RPIQ) =7F
SHORIATIPAL . Hoh R (S5 RV BE B L,

MR T 1, CREAMA RS ; RMSEHYS
PERURG BB L, B T 0, RSREEARISCIINE 5
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AR R S B BT UM B 77, RPIQ =2.2 N A
TR A A2

2 4 R

21 HATEBRSEKRLGIT

1 W+ EC MRS ITHRE . ARBTFoE 4
FEAHY) EC YK 6.73 mS-em ™', R4 50 IE4E i
XIS A 2 58 6.84 mS-em ™! 1 6.38 mS-em ',
BREANEN TERE S RIESEZ I,

F1 TIEHS EC FIiTH4EFE

Table 1 Statistical characteristics of soil electrical conductivity of the soil samples/ (mS-cm™)

AL HEAE L INIE] F/ME ¥ b2
Type of samples Observations Maximum Minimum Mean Standard deviation
424E Whole sets 364 71.60 0.11 6.73 8.90
#H4E Calibration sets 273 71.60 0.11 6.84 8.90
IHIESE Validation sets 91 59.10 0.17 6.38 8.94

22 EREAEEHNGE

£ Matlab R2014b #fFHr, 158 7 Motk IE
544 EC MR8 r, &3] 7 FOLIEIE T
f) NDSI, DSI #1 RSI 3£t 21 20 VIS-NIR 4 #H ¢
FE, IRk R B A o TEOGIS IR LG U R
R I NDSI, DSI #l RSI g KA 25514
~0.483, 0.470, —0.482, A% Ly I B4l & 43l A
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KRB -0.567, —0.568, —0.567, HcAEmR R
BB MM (Rangs Razet )+ (Rapig, Razgr )\ (Rappe,
Roxer )o HITRSHRBRE], B2 {XHIH 3 FifCFepEde sk,
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A S o - e S v 1] A A AR Y AR b R
TES TS BRI & P B A 3, Mg Tk
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Fig.2 VIS-NIR two-dimensional matrix coefficient diagram of soil EC relative to spectral index
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Table 2 Regression model of soil electrical conductivity relative to spectral index

g AN E(EE AHRK R HL Lo AR L MY e R
Spectral forms Spectral indices Correlation coefficient Fitting model of soil electrical conductivity R?

R NDSI ( Ragos> Razs7) —0.483 y=-0.0002x +0.011 4 0.285
DSI (Rigsa, Raoro) 0.470 »=0.000 2x — 0.000 5 0.314
RSI ( Ragos> Razsy) —0.482 y=-0.000 4x + 1.023 0.284
R _FD NDSI ( Rys7, Rassy) 0.516 »=0.023 8x—0.575 4 0.222
DSI (Rizz6, Raing) —0.539 ¥ =-0.000 009x — 0.000 2 0.377
RSI (Ryoi3, Rapn) 0.649 »=0.191 3x - 0.006 5 0.279
R SD NDSI ( Rais, Raaro) —0.524 y=0.102 1x - 2.239 3 0.019
DSI (Rgos, Ryszz) 0.430 »=0.000 001x + 0.000 01 0.138
RSI (Resos Rosss) -0.428 y=-0.011x+03364 0.090
Abs NDSI ( R, Rares) 0.502 »=0.000 6x + 0.015 4 0.371
DSI (Raoos, Raas7) 0.488 »=0.000 2x — 0.009 9 0.282
RSI (Raos, Raies) 0.504 y=0.00 11x+ 1.030 3 0.372
Abs_FD NDSI ( Rgzs, Ragoo) -0.539 y=-0.519 6x + 1.759 3 0.016
DSI (Rizzs, Rizzs) 0.488 »=0.000 005x + 0.000 2 0.344
RSI (Rioi3, Roia) 0.642 y=0.209 9x + 0.001 3 0.272
Abs_SD NDSI (Ryosi5 Rizas) -0.539 y=0.033 3x + 0.493 4 0.020
DSI ( Rgss, Rizzg) —-0.412 ¥ =-0.000 000 9x + 0.000 001 0.175
RSI (Ryp9, Raass) 0.431 y=0.1523x-0.939 7 0.044
CR NDSI (Rai10, Razer) -0.567 y=-0.000 1x +0.015 5 0.422
DSI (Raip9, Raer) —0.568 y=-0.000 2x + 0.030 3 0.423
RSI (Rai9, Razer) -0.567 y=-0.000 3x +1.031 4 0.421

R3 TEECHEER

Table 3 Estimation for soil electrical conductivity

A g Kol 4
TEEAY
Number of Calibration sets Validation sets
Model
variables RMSE/ (mS-cm™") R? RMSE/ (mS-em ™) R? RPIQ
PLSR 21 8.830 0.667 5.487 0.657 1.455
BPNN 21 5.486 0.637 4.280 0.817 1.793
SVM 21 5.282 0.650 3.526 0.841 1.948
ELM 21 5.179 0.666 3.071 0.884 2.535
3 iF ® REA AR AR 5 B ARG iy 52 m ,  [F B RelE IR 4k

i B A Ay R T X R A T 424
TR FOE BB W RS RSB R AT RO AR AT LR
BUEEREB I P AR, TORREBULIE PR MU E PR A SRR K i
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B, FRARIELAON T, FD. SD A F T B {45
T HEROEIERE I, CR 5 Abs LB 1h
FEE YT R T L BRI B4 4R 305 R A AR Ak W
25 MR, 2t EARY B ARAE DS Sk
T AL B BB AT RUPRAR MR A A, 98 WASERRE
(e — s FE R b B ) R4y, P EUBRALR
REIA BN FE o DGk 48 A0 i i B By is 3 D
AR U B B] A s DG I . AT AR . RBRITAR S
B AT R T e A AR RS B L R
N gE 08 3030 Sk R B i b 3 22 3 T IR s
S St Rl e — FALH K, 5K B R SO A O BT R
TR EHE I T2  DST. RSI. NDSI =F0Gifs %k
PRI BEA 5 M Zhang 5P OUH 43 B0 i3 43 Ak 21
Ja WIS Eb R A ST ORGSR B . 2
Fho  bIRAFGR 28 4 O 48 FE Sy A R X
TR EATAR S, SR, R BETE I E 2 Rh b
Ty A ISR B VR, A B A B e BRAE
AT LGS T 2R AL, WS
P BEH A PGS AR B A N 1, (R 2 Ao
FAL RS /Y 21 G BT | MG 38 T
TR TR, dR i TR I R . AR
S, 21 NGRS £ BC YA RAFAY G
PE, [P|IXIEN (0.412~0.649 ), Hff R_FD #l CR
TN PR ROR B, H NDSI, DSI. RSI f|r{¥ kK
T 0.5, JB FRAGIEBA T 1M 21 AR ECh,
R_FD-RSI (Ryg;3. Ry142 ) 5+ EC (7=0.649 ) i
TR EL

F ARy BT IR ER . Kk . BRER AL AN
TR & DU b 32 B AL A FE AL AL, EATRY LR E
Wi e R A 1 ek AR, Hoh 7E 400,430,450 nm
A Fe*' | Fe G RER GG R P, 7€ 1 400 nm 4b
OH ' FSAEH, 7£ 2200, 2 300 nm F %3 Si-OH
L BRERERD R COY BT HIERERRER ) K
HBHE T-OH #iEm >, Csillag P8 T
VIS (0.55~0.77 pm ), NIR ( 0.90~1.30 pm ) 1 MIR
(1.94~2.15, 2.15~2.30, 2.33~2.4 um) T4
U FH T R A A R ER AL A Ak i 3, &3 NIR &
MIR X 35 1 0 JR e B EL A TR0 301 4 6k bR 400 1) i
71, WAL, £TREMT, A4 VIS #iEKX
BT LA 0 B R A . ARSI 4 W) A
K AE 350~880 nm [T . 1 500~2 100 nm Ff T
DL 2 200~2 450 nm B3 HA SR EL A AHSE M, 15
A - 4 b 43 7 3K 0 I BE LN P R AR i, IR 32
FIETE LA B BER IR T ERJERN, X5 Csillag
ZEPY | Nawar Z5U'VR1 Bannari 2EP 5T 45 SR,
HE— 2B RE T SRR RO A R SR . AR
AAUNGE T2 00 BEIE A T 658 £k i mT 744
I HIUE T H A P H 3 S, g SRR DL R AL
A f% 75 e 05328 JEOL B 1 [ P, i O B 1) 555 e
BRI, ShASREEIE BC Gt R R & 3
ARG HOG T I 1 7S S AR A R BN 5E 4
—3, X ATRER T R 2 R A ) S M
.

PLE 4> HA B B2 088 1, nl LIAR I b i
P - 18R o3 W b 5 4k 1) Al 2 R 0 BT n) A
Khosravi 5P FHHLES 2 M B G B T LI E 4
J& i, 45 R ELM BRI H A7 &8 PLSR AU EE 41
SR s 5 S POVRI PR ML 2 > Bt - K
BT T ERMAE, 5 BELM BERARS B i o AR
5% 2438 0l 57 21 AN YEIEHE 55 48 BEC 4
o] ISR IR PLSR MY, PR s [ U A 7R A 30K,
JEYIRBAR (R*=0.657 ); TMiLA ELM #ER 0 MY
HLERS S FL R N, RO T 34.55%,
Nawar U837 ) PLSR A58 R 4R 5 T 14.81%,
A LA 5 FA A ) BLM Ak B 70 s SR d e L A 2 [
IR BIRGY A BIAR B) T ALER 2 2] T AR ) T AR
Al ELM N EHLAR 2= 2 Bk s 3, IR HAE
- I R AT ) A R
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A Ja Bt — e A | A R b S P A
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B RGAHLE A, LI R X R X R 3
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4 %5 i

AHFSEIA S 58 EC K VIS-NIR %icdi, 7
JH R 6 AotIE A FREHR I E T 21 D ERAOGIE
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reE IR AE 14 EC G R A, B
K B AN T AE AR 8] T RIS, BIEEE R
R BCER MR AR 5 T 34.55%, SCPE T4+ EC
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