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Fig 1 Location of the study area and distribution of soil sampling sites
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PLSR), . . . 97 58
, (GB 15618—1995) ,
[8] . °
2.3 32
R? s 2(a)
RMSE . R? . RMSE , , . 500~1 000 nm
. . 1 000~2 200 nm
3 , 1400 1900 nm
3 .
. 2 200 nm
31 17, 2 200~2 500 nm
97 s [10] .,
78 ., 19 . .
. 1 . 60. 73 (-12] 7
~400 mg * kg , .
52% . . . 580, 810, 1 420,
1910, 2 220, 2 260 2 390 nm .
1

Table 1 Statistics of soil heavy metal zinc content

/ / /
(mg * kg™ 1) (mg * kg™ 1) (mg + kg™ 1)
78 400 65. 91 130. 31 69. 68 0. 53 4. 64 1. 70
19 223 80. 3 136. 88 66. 38 0. 48 4. 12 1 55

97 400 60. 73 139. 84 69. 09 0. 52 4. 16 1. 98
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2 7

Fig 2 Spectra obtained after different transformations

2

Table 2 Correlation coefficients between absorption bands and heavy metal zinc content

R —0.08, —0.07, —0.27%, —0.30%*, 0. 35%*,0.32%*, 0. 31**
CR —0, 32%*,0.50%*, —0.32%, —0. 41**, —0. 38%*, —0. 40**, —0. 27, —0. 183
FD 0.31*%*,0.34%*,0.19, 0. 34**, —0, 28%, 0. 33**, —0.38%*, —0. 46**, —0, 33**, —0. 27*
SD —0.33%*%,0.04, —0. 15, —0.42%*, 0. 37**, —0.35%*, 0. 18, —0. 14, 0. 41**, 0. 42**, 0. 46**, —0. 47**
RT —0.12, 0. 24, 0. 38 %, 0. 32**, 0. 32**, 0. 34**
AT —0. 10, 0. 29, 0. 30*, 0. 36**, 0. 33**, 0, 38**
AFD —0.34%*%,0.31%*, 0.43**, 0. 25, 0. 27, 0. 35% %, 0. 41**, 0. 46**, 0. 39**, 0. 40**
ASD 0.34**,0.01, 0. 25, 0. 42**, —0.40**, 0. 36**, —0. 15, 0. 15, —0. 31**, —0. 26, —0. 37**, 0, 47**
;K% 0. 01 ;3 % 0.05 H o

Note: * * and * represent significant differences at 0. 01 level and 0. 05 level, respectively

CR 540, 810,

980, 1410, 1 800, 1 910, 2 190, 2 260, 2 350 2 430 nm
2(b)];  FD 540,

810, 980, 1410, 1 800, 1 910, 2 190, 2 260, 2 350 2 430

nm[ 2(c)]; SD

580, 810, 1 140, 1 220, 1 410, 1 480, 1 910, 2 040, 2 160,

2 180, 2 260 2350 nm[  2(d)]; RT .

810, 1 410, 1 910, 2 200, 2 270, 2 430 mn[ 2
e)], AT[L 2(D]. AFD[ 2(g)]. ASD[ 2(h)]

FD, SO RT o
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3 RMSE=24. 63); ) SD
Table 3 Characteristic bands selected by stepwise regression s R; FD
/nm R* RMSE,
R 1910, 2 220, 2 260 SD o
CR 810, 1 410, 1 910, 2 260 , RF , SD-RF
FD 580, 810, 1 410, 1 910, 2 160, 2 260, 2 350 i
e R sk
AT 1910, 2 270, 2 430 ’
AFD 580, 810, 1 410, 1 910, 2 160, 2 350, 2 430 ’ °
ASD 580, 1220, 1410, 2 160, 2 260, 2 350 » AT R » SD
SVM o
s PLSR s SD  ASD
580, 810, 1 410, 1 910, 6 o
2160, 2 260, 2 270, 2 350 2 430 nm, » R PLSR , ASD
33 PLSR .
s RF,

4 RF/SVM/PLSR
Table 4 Modeling and verification results of soil zinc content by RF/SVM/PLSR algorithm

RF RF SVM SVM PLSR PLSR
R? RMSE Rp RMSEp R? RMSE Rp RMSEp R? RMSE Rp RMSEp
R 0. 88 22. 02 0. 59 38 93 0. 84 15. 87 0. 49 52 4 0. 61 4321 0. 49 52. 53
CR 0. 91 21. 59 0. 69 37. 27 0. 86 13. 87 0. 62 36. 48 0. 80 30. 38 0. 76 36. 10
FD 0. 94 18 01 0. 75 29. 24 0. 70 39. 82 0. 73 31 04 0. 80 30. 05 0. 75 31 64
SD 0. 94 18. 02 0. 93 18. 49 0. 83 20. 87 0. 80 25. 48 0. 81 26. 30 0. 78 30. 64
RT 0. 85 24. 63 0. 59 36. 85 0. 70 37. 16 0. 71 36. 67 0. 65 36. 28 0. 68 40. 64
AT 0. 93 18. 90 0. 72 3227 0. 72 37. 98 0. 59 51 32 0. 63 50. 79 0. 66 41. 62
AFD 0. 93 18. 60 0. 73 3127 0.78 36. 95 0. 63 48. 21 0. 80 29. 23 0. 79 38, 64
ASD 0. 94 18 84 0. 92 21. 59 0. 83 16. 87 0. 76 26. 12 0. 81 27. 38 0. 80 27. 10

3 . PLSR, , RF 3
3 s SVM, PLSR, s 3
, SD-RF>SD-SVM> 3 s

ASD-PLSR, RT-RF>R-SVM > R- [ 3(b.d.D] s
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3 3

Fig 3 The regression scatter plots of predictions for heavy metal zinc by the 3 best and the 3 worst models

s s 580, 810, 1 410, 1 910, 2 160, 2 260,
y=x . [ 3Ca, c, e, 2270, 2 350, 2 430 nm . .
y=x . SD-RF o
y=x o o s RF, SVM PLSR R
SD-RF s
. s RF 3 s
B SVM., PLSR,
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[&2]

Abstract In order to solve the problem of inefficiency in measuring heavy metal zinc contentand soil samples collection difficultly
with traditional way in karst area. it is greatly essential to get zinc content in soil by effective measures. The institutional area is
a typical Karst region, soil zinc content as well as reflectance spectral of soil data were collected by inductively coupled plasma
mass and Spectrophotometer. The reflectance spectra of measurement were handed by these steps. Firstly, 7 kinds of mathemat-
ical transformations were used including continuum removed, first differential, second differential, reciprocal transformation,
absorbance transformation, first differential of absorbance, and second differential of absorbance. Secondly, spectral characteris-
tic variables were determined based on the characteristic absorption band of spectral absorption of heavy metals. And then, fur-
ther spectral characteristic variables were selected by correlation analysis. Finally, stepwise regression was used to determine the
effective modeling spectral bands. Mapping relationships between Spectral bands and heavy metal zinc content were revealed by
linear and nonlinear estimation algorithm, and the results aim to measure the heavy metal zinc in soil. It shows that the charac-
teristic bands of zinc are associated with iron oxide, organic matter and clay mineral absorption band. It’s focused on 580, 810,
1410, 1910, 2 160, 2 260, 2 270, 2 350, 2 430 nm, and these results reveal that the absorption characteristics of heavy metal
zinc possible were captured in karst area. The models were funded by Random Forests, Support Vector Machines, Partial Least
Squares Regression to precision evaluation by coefficient of determination and the root mean square error of prediction. The best
estimation model was obtained from spectrum transformation and model performance. The algorithm of Random forests for sec-
ond differential transformation has the highest accuracy and is chosen as the best model. The content of heavy metal zinc was es-
timated by spectral reflectance. It is a rapid, efficient method for indirect evaluation of zinc. It provides a technical support for

the dynamic monitoring of heavy metal content in karst areas.
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