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Abstract

To rapidly and effectively detect changes in salt content of typical soils (sandy
loam) in the southern Xinjiang region, near-infrared hyperspectral and electri-
cal conductivity data of saline soils were measured using a spectrometer and
conductivity meter in the jujube planting area of Alar City, southern Xinjiang.
Based on 7 different spectral preprocessing methods and 2 feature wavelength
selection algorithms, soil salinity monitoring models were established using Mul-
tiple Linear Regression (MLR) and Partial Least Squares Regression (PLSR),
respectively. The results showed that among the 7 preprocessing methods, nor-
malization, multiplicative scatter correction, standard normal variate, and first
derivative could effectively improve the prediction accuracy of soil salinity mod-
els. For the Multiple Linear Regression model based on Stepwise Multiple Re-
gression (SMR) wavelength selection method (SMLR), Rval2 was greater than
0.9489, RPD was greater than 6.2949, and RMSEP was less than 0.4356; for
the Multiple Linear Regression model based on Successive Projections Algo-
rithm (SPA) (SPA-MLR), Rval2 was greater than 0.9568, RPD was greater
than 6.9221, and RMSEP was less than 0.3616, with prediction results supe-
rior to the Partial Least Squares Regression (PLSR) model. Among these, the
prediction accuracy of SMLR and SPA-MLR based on normalization prepro-
cessing was the most ideal, with Rval2=0.9792, RPD=9.9078, RMSEP=0.2876
and Rval2=0.9805, RPD=10.50, RMSEP=0.2783, respectively, and fewer char-
acteristic wavelengths were selected. This indicates that normalization is a more
effective spectral preprocessing method, and Multiple Linear Regression (MLR)
is more suitable for establishing prediction models of salt content in typical
sandy loam soils in southern Xinjiang.
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Abstract

To rapidly and effectively monitor typical soil salt content (sandy loam soil) in
South Xinjiang, China, and to improve the precision of soil salt content estima-
tion models by removing noise from soil hyperspectral absorbance, this study
investigated the inversion relationship between soil spectrum and electrical con-
ductivity (EC) using multiple spectral pretreatment methods. Multiple linear
regression (MLR) and partial least squares regression (PLSR) modeling were
then applied to establish salt content models based on hyperspectral analysis
techniques. The effective and predictive capacities of different models were vali-
dated. This research took a typical arid area in South Xinjiang as the study re-
gion, obtaining hyperspectral data and EC measurements using a near-infrared
spectrometer (Zolix Gaia Sorter) and conductivity meter (DDS-307). One hun-
dred forty-two soil samples at 0-20 cm depth were collected, and these samples
were highly representative of the EC values. Seven pretreatment methods were
used to process the original spectral data: vector normalization (VN), multiplica-
tive scatter correction (MSC), standard normal variate (SNV), moving-average
(MA) smoothing, Savitzky-Golay (SG) smoothing, first derivative (1-Der), and
second derivative (2-Der). Characteristic wavelengths were then extracted us-
ing stepwise multiple regression (SMR) and successive projections algorithm
(SPA), which served as input variables for MLR and PLSR modeling. The
results showed that the optimal pretreatment methods were VN, MSC, SNV,
and 1-Der. According to different pretreatments, in the stepwise multiple linear
regression (SMLR) prediction model, Rval? was greater than 0.95, RPD was
greater than 6.2, and RMSEP was less than 0.44. In the multiple linear regres-
sion model based on the successive projections algorithm (SPA-MLR), Rval? was
greater than 0.96, RPD was greater than 6.9, and RMSEP was less than 0.36,
which were better than those in SMLR. In the partial least squares regression
prediction model, Rval? was greater than 0.88, RPD was greater than 4.4, RM-
SEP was less than 0.62, and in the partial least squares regression model based
on the successive projections algorithm (SPA-PLSR), Rval? was greater than
0.59, RPD was greater than 2.4, and RMSEP was less than 1.1, which were
less than those in SMLR and SPA-MLR. The best predictions of SMLR and
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SPA-MLR after vector normalization (VN) were as follows: RMSEP = 0.2876,
Rval? = 0.9792, RPD = 9.9078 and RMSEP = 0.2783, Rval? = 0.9805, RPD =
11.50, which had fewer characteristic wavelengths. Therefore, VN is the most
effective pretreatment method. It is more suitable to establish the prediction
model of soil conductivity in jujube orchards using MLR with PLSR. This could
be an important consideration for future research on how to choose the right
algorithm to analyze soil salt content with spectral data.

Keywords: soil electrical conductivity; multiple linear regression; partial least
squares regression; hyperspectral

1 Materials and Methods
1.1 Data Collection

The study area was located in a typical arid region of South Xinjiang. One
hundred forty-two soil samples were collected from 0-20 cm depth using a soil
auger. The original soil spectra were measured using a Zolix Gaia Sorter near-
infrared spectrometer with a spectral range of 400-1000 nm. Soil electrical
conductivity was measured using a DDS-307 conductivity meter after preparing
soil-water extracts (1:5 ratio). The samples covered a wide range of salinity
levels, providing good representation for model calibration and validation.

1.2 Spectral Pretreatment Methods

Seven pretreatment methods were applied to the original spectral data to elimi-
nate noise and enhance spectral features: vector normalization (VN), multiplica-
tive scatter correction (MSC), standard normal variate (SNV), moving-average
smoothing (MA), Savitzky-Golay smoothing (SG), first derivative (1-Der), and
second derivative (2-Der). These methods effectively reduced baseline drift, scat-
tering effects, and random noise while preserving the characteristic absorption
information related to soil salinity.

1.3 Characteristic Wavelength Selection

Two methods were employed to select informative wavelengths: stepwise mul-
tiple regression (SMR) and successive projections algorithm (SPA). SMR se-
lects variables based on statistical significance, while SPA chooses wavelengths
with minimal redundancy and maximal information content. The selected wave-
lengths served as input variables for subsequent modeling.

1.4 Model Development

Four modeling approaches were compared: stepwise multiple linear regression
(SMLR), SPA-MLR, partial least squares regression (PLSR), and SPA-PLSR.
Model performance was evaluated using three metrics: coefficient of determina-
tion for validation (Rval?), ratio of performance to deviation (RPD), and root
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mean square error of prediction (RMSEP). Models with Rval? > 0.9, RPD > 3,
and low RMSEP were considered to have excellent predictive capability.

2 Results and Discussion
2.1 Model Performance with Different Pretreatments

Table 2 presents the performance of the SMLR model under different pretreat-
ment conditions. The VN-pretreated spectra yielded the best results with RM-
SEP = 0.2876, Rval? = 0.9792, and RPD = 9.9078. MSC and SNV also per-
formed well, with Rval? values exceeding 0.95 and RPD values above 6.5. The
derivative methods (1-Der and 2-Der) improved model performance compared
to raw spectra but were slightly inferior to VN, MSC, and SNV.

2.2 Comparison of Modeling Methods

Figure 2 illustrates the prediction models for soil salt content based on VN-
pretreated spectra. The SPA-MLR model demonstrated superior performance
compared to SMLR, with fewer selected wavelengths and higher accuracy. Sim-
ilarly, SPA-PLSR showed improvement over conventional PLSR, though the
enhancement was less pronounced than in the MLR case.

[Figure 2: see original paper]

Table 4 provides a comprehensive comparison of all four modeling approaches.
The SPA-MLR model achieved the highest precision: RMSEP = 0.2783, Rval?
= 0.9805, and RPD = 11.50, using only a small subset of wavelengths. This
represents a significant improvement over the full-spectrum PLSR model (RM-
SEP = 0.3616, Rval? = 0.9568, RPD = 6.9221) and demonstrates that careful
wavelength selection is crucial for building robust and parsimonious models.

The results indicate that VN is the most effective pretreatment method for soil
salinity estimation, as it normalizes spectral vectors and reduces multiplicative
scattering effects. The combination of SPA with MLR provides an optimal bal-
ance between model simplicity and predictive accuracy, making it particularly
suitable for field applications where rapid assessment is required.

2.3 Practical Implications

For monitoring soil salinity in jujube orchards of arid regions, the SPA-MLR
model based on VN-pretreated spectra offers the best solution. The model’ s
high RPD value (>11) indicates excellent predictive capability, while the small
number of selected wavelengths facilitates instrument development and field
deployment. Future research should focus on validating these models across
different soil types and environmental conditions.
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