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Abstract: [ Objective ]Soil salinization seriously restricts the sustainable development of agriculture, and the accurate monitoring
of soil salinity is crucial for agricultural management and ecological protection. This study combined unmanned aerial vehicle
(UAV) imaging spectroscopy with machine learning algorithms to explore the inversion and spatial mapping of soil salt content
(SSC) in coastal areas. [ Method ] Feature bands were selected using the Competitive Adaptive Reweighted Sampling (CARS)
algorithm, and spectral indices were calculated. Spectral indices were selected using the Recursive Feature Elimination (RFE)
method. Utilizing PLSR, SVR, and RFR, this study developed prediction models for all spectral bands based on six different
spectral transformations, and spectral index prediction models were built using SVR, RFR, XGBoost, and BPNN. The best model
was chosen for SSC spatial mapping through accuracy evaluation. [ Result ] The results showed that the measured soil salt content
(SSC) in the study area ranged from 1.23 to 8.96 g kg’l, with a mean of 3.12 g kg"'. Among the full-spectrum models, the random
forest regression (RFR) model based on raw spectra processed with Savitzky-Golay (SG) smoothing demonstrated the highest
accuracy. For the spectral index models, the extreme gradient boosting (XGBoost) model with feature selection performed the
best. The inversion results revealed that low-to-moderate soil salinity was widely distributed across the study area, with high
salinity values scattered sporadically. While XGBoost was well-suited for predicting the overall spatial distribution of soil salinity,
the RFR model based on SG-smoothed raw spectra was more effective for mapping areas with low salinity. [ Conclusion ] This
study innovatively combined full-spectrum optimized spectral indices with traditional ones to build a SSC prediction model,
offering a new technical path for rapid SSC monitoring in coastal regions using UAV imaging spectroscopy.

Key words: Salinization; Imaging spectroscopy; Machine learning; Soil salinity; Spectral index
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Fig. 1 Spatial distribution of sampling sites and experimental procedures in the study area (a ) sampling location map; (b ) marker placement;

(¢) soil sampling; (d) Cuber S185 imaging spectrometer; (e ) sample grinding and sieving
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Table 1 Equation for spectral index calculation

Jaie s A 225 Sk
Spectral index Formula Reference

S1 (FHhorfa%k) Blue/Red [27]

S2 (Fh4H%0) (Blue-Red ) / ( Red+Blue ) [27]

S3 (Fhr#E%¥0) ( GreenxRed ) /Blue [27]

S4 (FHhorta%) ( BluexRed ) *° [27]

S5 (Fhr#8¥0) (BluexRed ) /Green [27]

S6 (Fhr-HE%0) (RedxNIR ) /Green 7

[27]

SI (R 48%0) ( Blue+Red ) ** [28]

SII (Fh4rH5%0) ( GreenxRed ) *? [29]

SI12 (Fh4rH8%0) ( Green®+Red*+NIR?) °7 [30]

SI3 (#hsrf%0) ( Green*+Red?) °° [30]

SI5 (#hr#5%0) (NIR-Red ) / ( Green-Red ) [30]

Slireg (#Hh7r5%0) ( GreenxRedEdge ) *° [31]

SI3reg (#h7r5%0) ( Green*+RedEdge? ) *° [28]

NDSI ( H—fkEh7rH5%50) (Red-NIR ) / (Red+NIR ) [3]

NDSIreg ( #4513 —1k 22 734045 40) (RedEdge-NIR ) / ( RedEdge+NIR ) [31]
S1#82 (G HEED) Bluex ( Blue-Red ) /Redx ( Blue+Red )

SI-T (#h/r48%0) ( Blue/NIR ) x100 [3]

INT1 (#7640 ( Green+Red ) /2 [32]

RI ( F{ESGIETEE0) Bandy/Band; [33]

DI ( Z{EGIEHE%0) Band;-Band; [33]

NDI ( H—fbCREHE40) ( Band;-Bandj/ ( Bandi+Band; ) [33]
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Table 2 Statistics and analysis of soil salt content (SSC)
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Fig.2 Correlation trend between soil spectra and soil salt content ( SSC )
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Table 3 CARS characteristic wavelength selection outcome
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Fig. 4 Correlation heatmap of traditional spectral indices and full-band optimized spectral indices with soil salt content
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Table 4 Correlation coefficient of soil salt content and traditional spectral indices
BHER A BHEAR A %A e
r r r
Index type Variable Index type Variable Index type Variable
Hhoras HhoraE HhoraE
S1 0.12 S2 0.13 S3 -0.26
Salinity index Salinity index Salinity index
S4 -0.27 S5 -0.28 S6 -0.22
ST -0.25 SI1 —-0.26 S12 -0.24
S13 -0.26 SI5 0.25 SIlreg -0.23
SI3reg -0.22 NDSI -0.21 NDSIreg 0.04
S1xS2 0.11 SI-T -0.09 INT1 —-0.26
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Table 5 Results of the full-spectrum modeling

ik R
RS RMSE. Ry RMSE,

Spectrum Model
PLSR 0.8 1.30 0.39 1.34
R SVR 0.34 1.41 0.46 0.89
RFR 0.73 0.82 0.81 0.71
PLSR  0.13 1.41 0.37 1.38
SNV SVR 0.61 0.89 0.25 1.64
RFR 0.61 0.92 0.76 0.86
PLSR  0.12 1.67 0.27 0.84
MSC SVR 0.58 1.01 0.23 1.47
RFR 0.55 1.01 0.65 1.04
PLSR 041 1.35 0.15 1.03
FDR SVR 0.48 1.31 0.35 0.68

RFR 0.62 0.94 0.76 0.84

PLSR 0.13 1.34 0.27 1.63
Log (1/R) SVR 0.51 1.28 0.69 0.42

RFR 0.62 0.93 0.73 0.92

PLSR 0.33 1.44 0.19 0.87
FDR ( Log

SVR 0.51 1.27 0.45 0.59

(1/R))
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Fig. 5 RFE feature selection results
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Table 6 Accuracy of different models based on feature selection
F% Model R’ RMSE, Ry RMSE,
SVR 0.89 0.51 0.75 0.76
RFR 0.90 0.49 0.73 0.80
XGBoost 0.96 0.28 0.85 0.60
BPNN 0.87 0.53 0.71 0.79
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Table 7 Statistical features of soil salt content based on different methods
e /ME IEN: P o
FEAT Frif2E
Minimum/ Maximum/ Mean/
Method category X SD
(gkg!) (gkg') (gke'
RFR 1.54 4.55 3.13 0.91
XGBoost 1.38 7.62 4.11 0.89
IDW 1.59 5.46 3.08 0.93
Kriging 0.79 8.68 3.04 1.04
SEAE Measured value 1.23 8.96 3.12 1.61
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