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Abstract

Soil spectral reflectance is a critical parameter for the remote sensing retrieval of land surface
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properties. In this study, laboratory spectral data were collected from 700 dry soil samples across
Northeast China. The contributions of environmental covariates, including soil physicochemical
properties and parent material, were analyzed using the SHAP method. Subsequently, a dry soil
spectral reflectance model spanning 400~2500 nm was developed based on Gradient Boosting Re-
gression (GBR), and wet soil reflectance was predicted by coupling this model with the Beer-Lam-
bert law. The results indicate that: 1) The dry soil model exhibited high predictive accuracy (R? =
0.93, RMSE = 0.018), and the incorporation of parent material improved the model’s accuracy by
4.5%. 2) The spatial distribution of the model-simulated reflectance demonstrated good consistency
with satellite observations. 3) Under five gravimetric water content gradients (8%, 16%, 20%, 24%,
and 30%), the simulation accuracy (R?) for wet soil reflectance reached 0.78, 0.85, 0.85, 0.89, and
0.85, respectively. In conclusion, this study proposes an efficient and highly interpretable modeling
methodology for soil spectral reflectance, providing reliable support for reflectance prediction and
the remote sensing-based retrieval of soil properties.
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B [4] MU HhIE BORRREE AF BAUR HHEAE R M, (HIEd e SR EERH, S
R N 72 S [5]0 B IALEE ST 2D/ (NTR) AT SWIR WRUSCAFAE, i HELA: B AN /K 40308 5 e AR B 5 W i
LI S KT [6]; 30T DU 3 Je 3 6 R L R IR) B R A AT (VIS BRI 7] IbAh,
MU~ pH {8 % B 5 R b 22 M it s it g 7 B A 8 Z R EH (8]

DA 8 s S AR 5 v R B R A IR AR | R RN R o) B = 2 IO BAY (U Price [9]
GSV [10))E B H(HY EEMRERE S A TR s PR (I Hapke B[ 11]-[14]. MARMIT #%4[15] % BSM
BRI [16)) B ARG & B e, HABRNEEE SIS %, B8 IR SOGM HEAY )i it Hdf K 3l 77
AZNEIEL MR R, BEBIRMIEGRII[17]. BAKRE, T3S 2R A IE 450 7772 A LR -5 2504 0K
BNFbE 7 R RS, SN A58 S S 2R ) A BEARADL Ry G T A ) E A

2. BESHE
2.1. AR

WE S XA T ZR b HBIX (117°46'~130°67'E, 40°94'~49°25'N), J& iR 7 2= XA K TS %, F- P50 0°C
~10°C, 4EFFKEL) 400~1000 mm, B ZEFEKEHEE 60%~80%. HHRMEE, QFEL, wat. A
WA BERRIESE, LIERREZ R, BIRIROL S R W UE . AACE R SRR v R T
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Figure 1. Distribution of soil property ranges

1. BSeESHE

WFFE X IR Rk KRR AL 1) 35 & &40 N 20.93%. 50.40%F1 28.67%, AL FE 435l N
2.17%~43.98%- 9.01%~59.46%7F1 8.30%~88.82%. H L (SOM). HL-FZ(EC) K pH fE [T ¥{E 53 51 4 3.40
gkg's 0.15dS'm ' 6.52, HXJ RG5> 0.12~23.08 g'kg ! 0.01~1.60 dS'm ™! I 5.46~8.89.

2.2.2. BELENXENE

JEE R I E ASD A F] FieldSpec®4 MGl A AL % 564 N dk4T, BBLEEE R 350~2500
nm[18]. FLAERE 105 CHTF I 2 mm 7 f5 EHEME, DARAELIEFEG iRt @i e 12
Bl b 32 SR B A K B2 BIBC ) 8% 16% 20%- 24%1 30% TLAMERSE,  IN7K 5 DAAR 6 I 55 ) 5 1 =5 R
B 48h, RS 7o R R, PR E T EA 60 mm. R 10 mm (35RO, Jeef4RkiE
FLE E TREMERT BT 3 om &b, 356 478 SR i DARUREIL 80N AXER TR 30 min J5 DARRIHE B2
b, MR 30 min ER— IR CAIHIE SRS . ROFE S ESIE 10 IR(AIBE 1 s), BOIHEE R
LA IR (K 2).

2.2.3. Sentinel-2 D EFIGHIE

AW 7T Google Earth Engine “F- £ 1] Sentinel-2 S2 HARMONIZED i3 [ 5t 504, & iRt
XA 3, F T SR AR T i 3 AT X LLIRAE[19]. ZEARELIRS . T R KSR IE A
JE P AR R T O 2, BRI ot A KA ab B, Hok, B10 BB (1375 nm) FZH T4
AT, AN SR T
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Figure 2. Laboratory spectral measurements of dry and wet soils
2 FLSRLSBERIENE
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KRB A5 B IR BRARAE Bl R, T 2015~2025 SEHFRRTE@ A 1 HE 5 H 20 H)HAE Sentinel-2
MAB . ZABUR 2 AT REMATBUEY AR P B, BB Ry, AR TR IR . %
Bk, B2 RT 10%MEHE, F45E6 575952 (Scene Classification Layer, SCL)Z: AN ig
. Ba #EIT, URIRME TR R AT REAZ = )= TH[20].

TER 7 RGTRA A, NI IR R =% RASN. R E o AR W AN 5 P 4 R sgmm,
SKH 90 H /£ (90th percentile)St il J7ik . %77 1EFEIUR 18] 77 41 S %6 () {0 435 7 500 ok S A1
EFPE, [ BB e R = 7E S5 R 2% A ) S SR BRARFAE[21] 0 RIS Rioos

Rpgo (x,0) =percentile({Rt (x,b)}; ,90) 2.1

Hor, Rix, b)yFRANGIC x TP B b L5 ¢ BRI RT3, T AR FURT B Z AR B RO B 8. K R
ARG R — ERAE S 1000 m 238 73 e . (EERA R b, AOR B HERR S 1A 8ot EoRFEI R
AR A BURTC, B XIS H I & AR AR o) AMERGE AN . A ERRAERH A R, 5T
ESA WorldCover 2020 %4 £8 (18 Hu i [l A1 NDVI B{E(NDVI < 0.2) AT HEfi

23. HIRESREESE

T s S R AR FH RS B $2 FF 8] ) (Gradient Boosting Regression, GBR)4 & 3415 5 4 3 K 1 3R 5 (1 T
B SO SR AL B 56 350~2500 nm Y% B, FERE 10 nm ML AR, Sk 215 ANSRIEKARAL. 700 4
FEARTZ 7:3 K157 INGREE(490 1) 5 HHIFSE(210 1), AR ENZARE I P IEIE G, ISR 10 158
XIGUESS & GridSearchCV AL S HL, R A LR (n_estimators) {900, 1100, 1300} . %%
#(learning_rate){0.01,0.05, 0.1} FAMRE (max_depth){5, 6,7} /N RFEAE (min_samples_split){2,
5,10} S /N5 s A S (min_samples_leaf){1,2,4}. %3 T Sentinel-2 HO03 Kk A2 N EHE S
by A, IF DLYUE R RN T7 R 22 (RMSE) VAL FRGINKS & S5 Ra e .

Wb SO R BT LR - BMA e A, SEIAN R 7K B 2 A T B S A i) s B 22] 0 FEAR
R, DL o SON ZBAE NSRRI, 455 SR R0K B RE RAE L3k 40 %f SO 2 1R ER . 8l
Wa T LSO R SEROKIERE, WSS K E AR S B R E RIS R, IR £
T

WA William (2010), 361 S AR & /K BRI AR RS IR 2 3K MK Tl FHE (H E) 5
IR, A% AR 32 B IO SR S T I SR, SR I 2 SRR 2R TH K
JE P B T B s, B A IR TR SO IR . 2 S /K W AT H (RN RE KR, 9 SO 2R T AL
M EEZR - BAE %€ 132 (Beer-Lambert law):
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r,=ry*exp(—a-¢) (2.2)

K, o NEHORD IR S ¢ N EHOKD MSEROKIE L r, R B XCERR A 3 7 T .
o, KRS FE o BOHUELRE 228 XS i filfi KRS R BN 7 i, 05 R A K R SR LI 753,
BT Y5 400~2500 nm FRIZK I R B R [23] [24]. AKIRIL RS o ForA:

a=k(2)-b,(2)-K, (1) 2.3)
X, by =0.0001451 4 — 4.32 AKFHETREL K, (1) =0.07581 2 — 0.2718 /K B F 16 &
., HOL B AL R BT LUl Angstrom ARG E] . HREAFEN 1 400~2400 nm P B (11K L #
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Figure 3. Water absorption coefficients at different spectral bands
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3. &%
3.1. FEREIRERGFAEIETE

TERIEE T ST R TR BT, & 45@id Pearson AHICHEZM T A SHAP R AIE 3 B 1Ak 5 306 47 f1F
BEAT IR, AR ORA AN S B0 U & FEE .

K5 @78 T Sentinel-2 BTG BT T LRI ZE TN ¥ SHAP AL & #2404 . BRI E
IR, WIRRR T WG BE(443 nm) NSRBI EZME, SMNARIRIEILINE (2190 nm) T 48 & 5T
Bko BIERERAFIEGI LR, A7 H (Lon. Lat). Pkl (Clay. Silt. Sand). +IEHHLT
(SOM). HL'FZ(EC). MRILZ (pH). B} (PM)FI L1325 (Type), BT A BER/INR RN R AR B 7E 1% B
TR R H P TTERAR I A B B R T S RHE R B EA R R N EEEHT . HEEE, A
7 388 I3 %o 78 e ) S A7 1V 3 7
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Figure 4. Pearson correlation between soil properties and dry-soil reflectance
in the 350~2500 nm spectral range
B 4. TEEMS 350 nm~2500 nm KT+ Kk 5T R B AREMHE =14

] 4 2 IR 350~2500 nm BT RO B RORIEMEGHESE R, B4AKE, Clay. Lon f1 PM
7E 350~2500 nm P 5 RS R IEM S, Silts Sand. pH A1 Type %4k B 7AHSE, SOM # Lat 7E7] WOt
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Figure 5. SHAP-Based feature importance of soil properties in-
fluencing dry-soil reflectance

B 5. £T SHAP EIREMN T ERHFRZMIVERM

SEREN], AR RN LSO RIS —EEH, KRR urmEcoy R i, 4 E (Lon,
0.330) 545 % (Lat, 0.176)7E 2 80k Bt E R I MBS IR ). O LR g4 s,  Frki(Silt, 0.149)F1%k
Fi(Clay, 0.125)¥5%} S5 NAT B DTk . A HLBI(SOM, 0.054)7E ] WG X I/ R ARXS 58, 1 5%
(EC,0.036) HbFi(Sand,0.030). pH (0.028) % +-3EHA (Type, 0.025) ST WA X 5085 . BEARTI 5, SHAP 4047
BOAE 1 B A B ARG O R A, IR T e SO 22 DR R AR R A R ) EE M
(Bl 5).
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Figure 6. Correlation between soil moisture content, soil properties, and equivalent water thickness

6. TIREKERTIREMSFYKEE ZBHHEXM

DR A [ A R B SR SC M RS A AR e 1 S AR RE R, A T AL R kAT T 2 B kAR
LW, TSR 2 (Tolerance) Al 7 Z Ik K F(VIF) RS AR £ A e M. J@%, VIF > 10 SiEZE
<0.1 RRAAAE™H L2 BEILLE M.

ER IR, Silt. Sand F1 pH ) VIF 150518 21.5. 12.4 1 31.4, &Z 5514 0.05. 0.08 A1 0.03,
TEAE BB 32, Clay A& /K& VIF #5514 (9.1. 8.0), SOM. Salinity 1 EC VIF #K(2.3. 1.8 1.1),
LR 55 .

TERBRIR A, WA IEFH A 8 AN RIS R2 N 0.75. 120 BRI RR 1Y) Silt. Sand Al pH
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Ji, REBEFEZE 0.73; #F—0 RBRAHMEREIM Clay 8L EC J&, R24EFF{E 0.69~0.72. LB HEILLMHES
fiRRERe /), mZOETEZ R Clay B EC JE AR B4 G AR, R RAEY R2 M 0.72, REATEFRIRIL LM
Wa PR [N, AR AT CRAFE LA K P SRR e (R 1)

Table 1. Multicollinearity of variables
1. TEZEHEM

S EKE Clay Silt Sand SOM Salinity EC pH
VIF 8.0 9.1 21.5 12.4 23 1.8 1.1 314
HKAE 0.13 0.11 0.05 0.08 0.38 0.56 0.89 0.03

2% FE IR MM T B Rk B (5 /K B . Clay SOM., Salinity pH)E A& 25 30K S FE IRFAE -
2% BALLR M Ve T B IR PR (5 /K B Clay. SOM. Salinity. pH)/E N &2 ROKIEEE IFFE, 25
BOKEEREIME R =0.72 (] 7).

Average R?=0.72
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Figure 7. Mean R? of equivalent water thickness fitting using soil moisture content,
clay, SOM, salinity, and pH
& 7. (&7kE. Clay, SOM. Salinity, pH)I&ZFHKEERF R2

33. ABRATRRHREREE

3.3.1. FHEREE

+ A5 & (Group )5 2 REF Y 9 M4E & (Group2)7E(350~2500 nm)[J[% 10 nm ) R 1 RMSE. 41X
8(a)f7~, Groupl ¥4K R? 5T Group2, Groupl. Group2 fE VIS & SWIR I Bt R? By KT B S 1K )5
S Wik 8(b)FTR, Groupl %4k RMSE ik T Group2, Groupl. Group2 7E VIS £ SWIR % B RMSE
e AT RO R AR, O R AR AR R I A G AR EPE, Groupl “FI R2 N
0.93. RMSE 4 0.018, Group2 “F-}J R24 0.89. RMSR 4 0.02. 455 FEW], BRAENERBHEI LR
L S0 e
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Figure 8. Model accuracy using 10 dry-soil reflectance features with parent material excluded

B 8. FERHE 10 MHESEEBRIREEE

3.3.2. FrRETRBERINUE Sentinel-2 PO [T 5225 57

NIRRT S F AR A IR & M, AN FUE N Sentinel-2 PR AR KR 3E47 2% [T L
GIHT e T BAEBE A R 55 1% 70, Google Earth Engine 7£ 48t Ab ¥ #2741 [ 5/ Z0% NoData 18,
D] 6 A AT F70 {0 BRER SRR SER AL 2

9 A 10 NARIEHHIIXIRTE Sentinel-2 HC A& T T S S 22 T % 7] 43 47 A1 Sentinel-2 P90
ST ER W) ) AT o T b A EE S I B I KA R AR 7E T OB (VIS, 400~700 nm)y Bl 4 S5 28458
K, #EANIELHMNNIR, 700~1300 nm) 5 BB S5 FEEKLLANSWIR, 1300~2500 nm) X [A], J i3 iR
DL B2 s, X FEYRTRRE. B R R R RS E T, R AEZ) 1400 nm. 1900 nm Al
2200 nm B3 PR S ki, SEURIA R TR . S b, T RS R B R, P
X J52 St R 0 1y T AR b X T s ) 22 S 2 Pl B ER A R A0 A S AT . ARABSP IR AL b R
B, BKREMK. 3SR, PITE NIR A1 SWIR i BER U H 8 S it 6, M 45 ig i L4 HLs &
. PO, AR VIS A NIR JBW, AT R R 2.

(=)
w
Reflectance

Figure 9. Spatial distribution of predicted dry-soil reflectance. (a)~(1) correspond to the central
wavelengths of Sentinel-2 bands: (a) 443 nm, (b) 490 nm, (c) 560 nm, (d) 665 nm, (e) 705 nm,
(f) 740 nm, (g) 783 nm, (h) 842 nm, (i) 865 nm, (j) 945 nm, (k) 1610 nm, and (1) 2190 nm

B 9. FERHEERBFUMN=E 5. (a)~()5AIFRR Sentinel-2 FHE &R ERAIF LK K :
(a) 443 nm, (b)490 nm, (c) 560 nm, (d) 665 nm, (e)705nm, (f) 740 nm, (g) 783 nm,
(h) 842 nm, (i) 865 nm, (j) 945 nm, (k) 1610 nm, (1) 2190 nm
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Figure 10. Spatial distribution of Sentinel-2 P90 reflectance. (a)~(1) correspond to the central
wavelengths of Sentinel-2 bands: (a) 443 nm, (b) 490 nm, (c) 560 nm, (d) 665 nm, (e¢) 705 nm,
(f) 740 nm, (g) 783 nm, (h) 842 nm, (i) 865 nm, (j) 945 nm, (k) 1610 nm, and (1) 2190 nm

10. Sentinel-2 P90 R ST RIIZ=E D% . (a)~(1)5HIFR T Sentinel-2 & F LI L I -
(a) 443 nm, (b)490 nm, (c) 560 nm, (d) 665 nm, (e)705nm, (f) 740 nm, (g) 783 nm,
(h) 842 nm, (i) 865 nm, (j) 945 nm, (k) 1610 nm, (1) 2190 nm
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Figure 11. Spatial distribution of differences between modeled dry-soil reflectance and Sentinel-2 P90 reflectance, where the
strip gradient represents the mean bias. MRB: mean reflectance bias. (a)~(1) correspond to the central wavelengths of Sentinel-
2 bands: (a) 443 nm, (b) 490 nm, (c) 560 nm, (d) 665 nm, (e) 705 nm, (f) 740 nm, (g) 783 nm, (h) 842 nm, (i) 865 nm, (j) 945
nm, (k) 1610 nm, and (1) 2190 nm

1. REFNF L RHFFES Sentinel-2 PO0 REFEEENZ B 7, HPFHEHERRIFEYRE. MRB: £H RS
FIRE. ()~ FFT Sentinel-2 ZHEEAIF LK (a)443 nm, (b)490nm, (c) 560 nm, (d)665nm, (e)705nm,
(f) 740 nm, (g) 783 nm, (h) 842 nm, (i) 865 nm, (j) 945 nm, (k) 1610 nm, (1) 2190 nm
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Figure 12. Model accuracy of wet soil (8%, 16%, 20%, 24%, and 30%) based on the Beer-Lambert law
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