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Hyperspectral Soil Salinity Inversion and Interpretability Analysis Based on CR-
FOD Transform and XGBoost Model
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(School of Civil Engineering and Geomatics, Shandong University of Technology, Zibo, Shandong 255000, China)
Abstract: [Objective] Under the global context of climate change and anthropogenic impacts, soil salinization
has become increasingly severe. However, traditional salinization monitoring suffers from being time-consuming,
labor-intensive, and costly. Hyperspectral-based salinization monitoring often relies on single mathematical
transformations and one-dimensional spectral information, while also exhibiting poor model interpretability.
Research utilizing combined spectral transformations to construct spectral indices for salinization estimation
urgently requires in-depth exploration. Thus, this study aims to fully exploit spectral information, enhance data

sensitivity, and establish a high-precision, interpretable salinization inversion model based on spectral indices.
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[ Method] Dongying City was selected as the study area, where hyperspectral datasets were collected through field
surveys, and soil samples were analyzed in the laboratory for salinity determination. The samples were divided into
training and testing sets in a 7:3 ratio based on salinity gradients. Spectral data were preprocessed using Savitzky-
Golay (S-G) filtering and Multiplicative Scatter Correction (MSC). Four spectral transformations were applied:
Reflectance (R), Reciprocal (1/R), Logarithm of Reciprocal (log(1/R)), and Continuum Removal (CR). The
Fractional Order Derivative (FOD) transformation was subsequently performed on each form. Ten types of two-
dimensional spectral indices were constructed from the combined transformed data at each derivative order. Optimal
band combinations and differential orders were identified by assessing correlation coefficients with soil salt content
(SSC). Using these spectral indices as features and measured salinity as the dependent variable, four machine
learning models—Partial Least Squares Regression (PLSR), Convolutional Neural Network (CNN), eXtreme
Gradient Boosting (XGBoost), and Support Vector Machine (SVM)—were constructed. The hyperparameters of all
models were optimized using the Bayesian Optimization (BO) algorithm, which iteratively fitted a probabilistic
surrogate model to guide the search for hyperparameters that minimize cross-validation error. Each model was
trained and tuned via ten-fold cross-validation. Performance was evaluated using the Coefficient of Determination
(R?), Root Mean Square Error (RMSE), and Residual Prediction Deviation (RPD). The best-performing model was
further interpreted using SHapley Additive exPlanations (SHAP) to identify influential spectral features. [Result]
Results demonstrated that:(1) FOD effectively enhances spectral sensitivity by highlighting gradient information
during spectral curve variations; (2) Mathematical transformations combined with FOD significantly improve
correlations between spectral data and SSC; (3) The 2-order NDI index after CR treatment achieved the highest
absolute correlation coefficient (|[r=0.91) with SSC; (4) The CR-FOD-XGBoost model delivered optimal accuracy
(testing set: R?=0.94, RMSE=0.85 g-kg!, RPD=4.33); (5) In the optimal model, GDI1 contributed most significantly
while DI clusters adjacent to zero contributed minimally. [ Conclusion] Collectively, this study demonstrates that
combining spectral transformations to construct indices with Bayesian-optimized XGBoost modeling effectively
improves soil salinity inversion accuracy, providing scientific foundations for salinization control and ecological
sustainability. Future research should focus on enhancing spectral sensitivity responsiveness to further improve
model performance, thereby advancing theoretical frameworks for sustainable land-use and environmental
conservation strategies.

Key words: Spectral transformation; Fractional order derivative (FOD); Spectral indices; Salinization; XGBoost;

Dongying city

IR TR IRK D 2R G R R E R B RN i = M E R E R R B
ISR, P EZORE 2 54N ER, SEILZH X 0 5k bl ey 8 222,

TS E R AL e B8 A RS R R G 5, TV B TR A B SR UGS, 5k Bt L)
XIS BEAT — B il or S5 15 P AR, RINAR IR S RE A AR TR IRE BE . A EU Ty

(Fractional Order Derivative, FOD) 2 BAA “AJmE” i “idfate” 3, @i e

o B EESRAEAE, REtHE IS o AR ¥ b M AR R, 1 — B R T U8, 5
W AR 5 FOD RHai &, R R 2 FGE A . R B Ex
SHRFAE, 17 FOD ReFS ARG St 26 Sl PR SR Zetmm 24015, AT 3 R4 m o' vl s vl
WA A J FOD A8 4 B RE SR GRS RUEk i, BTGV S AR IR 4 . e 4 IS Y E A
G EEAE O RFE SR B B T, (HOR R 7R 4 P I B S B AR AETI S R A v
FIRBR . R et fasl, @B ad A, FIH BB B ANSE A HH g, [F
W SRFFE AU . 0 S & G 00JL T FOD A2 o I B0 A4 e 1 4 B0 AT i e r= s 1,
WS 7R RS B

{5 /)y 3 [5] ) (Partial Least Squares Regression, PLSR)AE y—Ff 2l 4 22 A5 & [m] 9 A 7Y,




+
Acta Pedologica Sinica

TESRAL IR I R R T2, AR S AR AR LR ME R R IR R U A PR, IO 2 4 6 vl e i 7 K
FA SRS AR DASR RS FE U, AR PRAAFEHE T (eXtreme Gradient Boosting, XGBoost) 14
R I, FEARG SR . RRIETUAR I SR R L S REN2, Ye S5 1BIE Bl XGBoost 1
17 LIRS SO, AR AT VR R . SCRFMTE ML (Support Vector Machine, SVM) i# i #%
BRI A B v AR A AT B AE LI SR M TN T S B A SRR I, & T MEAR
SR IRIAT S . SESCEUYRH SVM X HIEE B AL AT 7028, MERRIA 85%, RIMHIEL
T 1R 3 7

R A BT R R, (E X AR R AR AN, B — 4R TEIE R A
BBLA{E B o PLSR fEACFRAE S I BRI AEE SR PR, SVML T I A% bR B0 335 R PE 55 11
MR, HRFHZLI%Z (Convolutional Neural Network, CNN) 5 XGBoost NIy BB FEAE AL, 7]
fRREVERCZE . AUk, AR DARE TR, R EeE8 s FOD M —4itilkfa 4,
XL PLSR. CNN. XGBoost & SVM WUFHRA, FExt i LA AL 2EAT SHAP AT R 04T,
DASIEEI, 458 5 0 58 1) v s 52 M U

1 MRS Tk

1.1 BFFE XML

WE 1 AR, REWAT IR ILE T = A0 (36°55'-38°10' N, 118°07'-
119°10'E), #kT 1~28m, FEHIE 12.5~12.8°C, FEHIFF/KE 550~600 mm. [X 5t
I MR RO CGZEIKANE D HEKA Y, 28R AE AR SR 7 idid B4 1E H a1k LT %,
IR VI SRR AE o

TEAREFE X, g3 TR A LK, 208 45%; 1032 2 LA 5 i, N 0.8%.

116°E 18 E __120°E__ 122°E 1°E
¥

2>z

116° E 118° E 120°E 122°E
WL WEM L

(- Cinna.nion Lime concretion
soil black soil
tt r 5
t Solonchak L Boundrary
R Wk
EINco-alluvial - Fluvo-aquic
soil soil
KEE 4 IS
Paddy soil Training
set
it - ke "
Coastal il‘cstin > o River
solonchak s g TIS° E TI°E
»e v
K 1 BT

Fig. 1 Study area overview
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B 1.11g kg, RUNZEAMABERAETN LB B L.
R 2 1R
Table 2 Model precision

” Ab I
Y , , RMSE. RMSE,
Processing R R RPD. RPD,
Model Ng'kgh) N(g'kg")
type
TiiAb 21 0.85 0.84 1.96 2.01 2.63 2.51
CR 0.90 0.89 1.24 1.35 3.23 3.04
PLSR
/R 0.87 0.87 1.60 1.63 2.81 2.78
log(1/R) 0.86 0.84 1.83 1.98 2.71 2.55
TRAb 3 0.91 0.88 1.33 1.57 3.42 2.93
CR 0.92 0.92 1.19 1.25 3.64 3.55
CNN
1/R 0.94 0.93 0.93 1.14 4.33 3.92
log(1/R) 0.93 0.89 1.09 1.44 3.79 3.14
TiiAb 21 0.93 0.90 1.08 1.28 3.85 3.24
CR 0.95 0.94 0.71 0.85 4.61 4.33
XGBoost
1/R 0.94 0.93 0.91 1.07 4.35 3.85
log(1/R) 0.93 0.91 1.01 1.35 3.81 3.46
TiiAb 21 0.92 0.91 1.24 1.38 3.73 347
CR 0.90 0.89 1.26 1.40 3.24 3.11
SVM
1/R 0.89 0.88 1.35 1.55 3.08 2.97
log(1/R) 0.93 0.91 1.10 1.37 3.85 342

E: B AR ¢ B p S RlR R NGEMNRE, TF. Note: The subscript letters ¢ and p in the figure denote
the training set and testing set, respectively, the same as below.
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EOGIEEIRE BE R FE, (AAERKIUR GG, FEATRAE LR AHF T
HeRE AT 5B (CR. /R, log(1/R)) S5HEM s (FOD) [MAA TR, A RBFE
THARICR, 3T+ T SO BER0 1 A8 e BR% ST RE ELAN, 1/R TBOK §9MRUSURFALE, log(1/R)
IR X A5 L, CR ERRE STt B 5 S s, FOD @t 4= /sy
RS IZ IR R BB S, 5 RFE W41 — 5B,

— Y1k 5 2 g S B e T, S 4Ebi e Suiid 2 9 BOCER T4 s Ik B A R P R AR
o AWFFAGEN 10 Fhfa%t, £ CRZASHK) 2 [ NDI 48305 & 2 A mem, 5/
TR T2 X A 45 R AR S (RD fRAE 25, W TEIRE (Bt 526)
J RS GRS WG BN, 3R 86 HE 48 40 75 18 e EL A4 1 338 o b S PR BEARRAIE

T CR-FOD ZZ#:H] XGBoost HATMAEEZIL T PLSR. CNN 5 SVM. &XZ2HT
XGBoost A fE [ 38 M 2% S JELEME S R, 280% PLSR MLk /m MR 1IEMIML 5 — X 45l f
RAMG AR 7S, RIS TR AL IR g o BUE AR, TICE/NEAS N SRS AR iz A 1t B
FHELZ R, CNN e DA O E PR 4l 1) 42 R Y s e Ao b SR A MRRIE ,  B/NFEAR &) Sipi 7Y 2
STREJIAS BB, 124510 5 B R EEBIE B sm A I 78 (R? X 0.72) B —#k.

HF 5T 250 5K B e I B X8, I 25 @ AN 5 R R ZR 7T SHHMEE HL R K34,
KU GE ST RFI0AIE s VB 335t X A Ty vk 1 ot R B s Cn B+ 2 X Bk 1) T8
T DX SOt LI Al o ASRILBI N Z I AHEE . TF K B & MAFEE B HE, JREE 2 AS
XEGE, LA A S SHE T E.

4 %5 B

FOD &5 & a4 e n] A3 RO s vl ot L 8 70 Uk s Horp CR J5 2 B NDI 586>
HMRMER R (r=0.91), RUIAHT; AW B & e iUt BRI, 3T CR-
FOD [1) XGBoost MR R IR AL, HABEEIRTE 5 IE WAL 45 & DB S 8iife,  mefy ik
FAZARBIB MR IR AR, EmZARE ) T SCB R RS, 0 PLSR MY #2595, SHAP W]
fERENE TR, IR GDIL DTk 22, DI SRR AR, #5645 Houk Fli i stk A7
FEW R ZESE . AW FUA] it shist X mot i L3y R AT 55 % .
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