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Abstract: In this study, the contents of Mn in 44 soil samples were collected from Shaanxi
Province and were used ASD FieldSpec HR (350 ~ 2500 nm), then the NOR, MSC and SNV of the
reflectance were pretreated, and the different deviation and reflectance reciprocal logarithmic
transformation were carried out. The optimal hyperspectral estimation model of nine heavy metal
elements of Mn was established by regression method, comparing the reflection characteristics of
different heavy metal contents and the effect of different pretreatment methods on the establishment
of soil heavy metal spectral inversion model. The results show that: (1) The reflectance spectrum
improves the signal-to-noise ratio of the reflectance spectrum after the transformation of NOR,
MSC and SNV. Combining differential transformation can improve the information of heavy metal
elements in the soil, and using the correlation band energy can significantly improve the stability
and predictability of the model. (2) The modeling accuracy of the optimal model of Mn spectra of
Mn by PLSR method were 0.7852.

1. Introduction

In recent years, domestic and foreign scholars have made extensive research on the use of
hyperspectral inversion of soil organic matter, nitrogen, phosphorus and potassium (WU and WU.,
et al., 2005; Han and Liu, et al.,2017; Liu and Mao et al., 2015; Lu and Yao et al., 2015). Used the
partial least squares regression model to estimate the cadmium and zinc contents in the Rhine basin
(Kooistral and Wehrens et al., 2001). Established a prediction model for the near-infrared and
mid-infrared diffuse reflectance spectra in the soils of iron, cadmium, copper, lead, nickel and zinc
in the soil of Tarnowskie Gory, Poland (Grzegorz and Gregory et al., 2004).

In this study, nine kinds of heavy metal elements in Shaanxi Province were used as target
attributes, and normalization (NOR), Multiplicative Scatter Correction (MSC), standard normal
variable transformation (SYV) was reconstructed by Standard Normal Variate (SNV). Combining
with the Savitzky - Golay convolution smoothing method, the spectral curves were smoothed and
denoised, and the first deviation, second deviation and reciprocal logarithmic differential
transformation were combined.

2. Materials and Methods

In this study, the main soil types were soil in Shaanxi Province. The soil samples were collected
according to the "S" -shaped sampling method. The sampling depth was the thickness of the tillage
layer, usually 0-30cm. A total of 44 soil samples were sampled. The samples were air-dried and
passed through the 2 mm hole. A 200 g soil sample was mixed and passed through a 100 mesh
sieve for indoor heavy metal content and another soil sample was used for soil reflectance
spectroscopy. The statistical characteristics of nine heavy metal elements were shown in Table 1.
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Table 1. Statistical result of heavy metal elements for soil samples

Elements Samples Maximum(mg/kg) Minimum(mg/kg) Mean(mg/kg) deviiﬁia:)nnd(?:;/kg) ;Ojr;:;?g;
Mn 44 310 249 274 13.5983 0.049628933

2.1 Data and pre-processing

The reflectance of 44 samples of soil samples was measured using the ASD FieldSpec4
Spectrometer. The wavelength range of the spectrometer was 350 ~ 2500 nm, the sampling band
width was 1.3 nm (350 ~ 1000 nm) and 2 nm (1000 ~ 2500 nm), and the sampling intervalwasl nm,
totaling 2150 bands. Due to the difference in the energy response of the spectrometer, there was a
breakpoint at 1000 nm, and the spectral curve was used for breakpoint repair using Splice
Correlation (Fig. 1).
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Figure 1. The repair of breakpoint 1000 nm
2.2 Differential transformation

In addition to analysis of soil spectral, three transformations were made for finding the response
regions of different heavy metal elements. First deviation and second deviation transformations can
increase the correlation between reflectivity and heavy metal elements while eliminating or limiting
the influence of partial linearity or near linear background.

p () =[p(41)-p(41) |/ 1)
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The model results were verified by the decision factor R2 and the root mean square error RMSE.

©)

RMSE = 4)

27



£

ATLANTIS Ad in Engi ing R h, vol 173
PRESS vances in Engineering Research, volume

3. Results and Discussion

The correlation coefficients of first deviation of Mn were 0.76, respectively has reached a
significant correlation. All the optimal PLSR models, the best modeling precision of the other eight
heavy metals Mn, were 0.7852 (Table 2. Figure 2)

Table 2. The result of PLSR based on different pretreatment methods

Calibration Validation
Elements Methods RC RMSEC P, RV RMSEP
S+C 0.7495 8.93 3 0.5553 10.9
C+FD 0.7246 9.30 1 0.5545 10.8
C+SD 0.694 9.67 1 0.8271 8.82
C+LOG 0.7424 9.04 3 0.6493 9.74
NOR+S 0.7325 12.4 3 0.7180 8.79
NOR+FD 0.6033 8.35 1 0.6625 9.95
NOR+SD 0.6844 9.56 1 0.5523 10.7
Mn NOR+LOG 0.7517 12.3 3 0.7255 9.02
MSC+S 0.4021 8.60 1 0.8002 10.3
MSC+FD 0.7852 9.19 2 0.8015 8.48
MSC+SD 0.7057 9.32 1 0.8486 8.61
MSC+LOG 0.4062 8.56 1 0.7835 10.2
SNV+S 0.7707 9.18 3 0.6960 9.30
SNV+FD 0.7324 10.8 1 0.5522 10.6
SNV+SD 0.7233 9.84 1 0.8540 8.57
SNV+LOG 0.7726 8.90 3 0.7159 9.12
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Figure 2. Comparison between observed and predicted based on different pretreatment

4. Conclusion

(1) The reflection spectra were processed by NOR, MSC and SNV respectively. The differential
transformation can help to improve the correlation between the heavy metal elements and the
reflection spectrum in the soil, and the use of the higher correlation band can significantly improve
the stability and prediction ability of the model.

52) The accuracy of Mn modeling was the highest, the prediction effect was better, Rc® = 0.7852,
Rv- = 0.8015.
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