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P, XML T RRSE R R AR I EEEAVE R o BRI R GRS AR B I AR UK A bR = A5 LA 5 S 1 T
fetE R OCH T, LU RERTH . RO AR A AR AR M 42 5 R S 3 . AR5 LLRIRIRAE AR SOC
WEFERT 4, AEARILAROL R 2208 L1 S S AR BEHLAME 67 FERS, 0 0IPREE 0—5. 5—15. 15—30 em - HEIF 5
SOC &, JF=JRMEAER 0—30 em SOC & fk, SAEETHIE IF mDOGEEAR, G & —misr. =
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/N [MIH OLS (Ordinary Least Squares Regression ) FeAFEEEL, A3 5I%F SOCHEATARI , I RS Fr AR TR 7 Jii
B L L SE MR AN R R BE SOC & hik . 25 R . 78 L3453 2 SO B R v 348 XGBoost Al A B R i, 0—30 em.,
0—5cem. 5—I15cem., 15—30 cm JZH M R 3514 0.54, 0.54, 0.46 F10.30, RMSE 53 %0 21.28. 44.25, 15.72 il
12.56 glkgo S AR B ME L LRI RAR KA M 0—30, 0—5. 5—15F1 15—30 cm 3 4 JZ 1) SOC I {E 5351 4
67.20. 88.87. 46.92 f140.12 g/kg, FRAK SOC & i Fifi + VR EE G INTW N . A RIS 25 R SOC & i AFFE 2 5%,
SOC & = HEF R EI /N R RE AR . BT RETR AR . BFM AR m GRS R AR T4 3 (i B A5 B A (@ S 4R 1 77 )
g, (HJE I 2 00 P B L T R IUAy, S BOSI A B A RS, R 3 AR AE T B vl DA 2 L e AR AR
TEAA, AR AR B, SR T RORAS IIRS B . 710—850 nm I B A A5 A 6 AR U AE MK SOC 1Y S i 48 A
20, MY B TFXF 15 em LR SOCFE M, 4K A Y& % F 5—15 em 2 SOC W% . 25 1,
N R G AR 45 DEM . 47K 43 B b A= i B5Hs T DA A R i R AR R AR soC, T 2 hi
G A IS T 17 91 B R R R AR E AR SOC S i A AR S04
KR KRR, AP SOC (Soil Organic Carbon), G, HlisF>, FREikeE
hESES: ST/P2
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2015) . TERRMAEDRG, WEIRAFAE S D EH

KFE B EA: 2009-01-06; FEIZA: 2025-01-04

BRI S ATREE AR AR AR AR R
YR AR AL (Sahoo %, 2019) .
TESAERIEE, HIEE W R ARRIE, AL
ZEYN IR B A 2 AR I LR 4 6% (Broderick
&, 2015) o B HEGRIFE & H AT HLEKR SOC (Soil
Organic Carbon) HI -3 TCHLAK I A2 Ak, 3500
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MLBR 76 = S0 2 i 5 b A X B (R Ak,
2010), 1 HIEA LR A & HAECK, JEAlTT MR
AR A WL IEAN T 1395—2200 Pg, 4 K%
J B ol b A B R P Y 2—3 4% (WM 4, 2020)
SOC J& 48 il it i AE Wy Ve T TE i S BB T . Bl A
YRR B AE IR h B oe R CFE S5 FD 1 ke
2022), SOC HYUNEAKG X A i b AR B R G
WA IR = A e (A O SCig , 2020) .
FRMRSOC S5 M ZRAR LI i A= . fh2F A B8
AR, TEYOE BT AR Y i
FEAEN, R E I . RSB SRR
O S5 br (Stevens &, 2013; UF i R,
2012).

LG ALK (SOC) R H s T Xk RAE
SRR 0T, R R 2 BR TR R AR
o AERMUBIRESY X8 (s R ) AT 154
FREALFE S Rt N1 77, i EE LA 2 + 15
M S RS A0k (910, 2008) . bifi 5 i jk e
REyHEL, BRI T — MR R, B
fp A 55 )R A AS (], BRARRE A — 3 H A Ot
T BB, DT S BT R MK SOC 3 2243 11 ) I
{8 (Broderick ¢, 2015). HAl, /ARG
FRARSOC B = B T 2 03k 5ds . U0 Landsat &
§15%4% (Odebiri %, 2020; Bhunia %%, 2019) F
Sentinel-2 (Suleymanov %5, 2024)., tHILZ T, &
TR T HEBEARZ . GG, DX
RENE UEA TR A ) St 22 5 40 B, T A 1 b
o AR A IR B, AR B e BT 5 5 0 e R B
HER KA (Vane Fll Goetz, 1993), th-h&E {5
B ) BARRAE 50T 1 5C R 2L TR A )
FEPEIR (&, 2022). M2 3]
AR EE R, AT A Bl SR AR A
SOC HAT PRk, HMFsERM, FHFISOC 5 R
RIE MM EAEY R YIA O (Wan %8, 2019) .
PRI, AT L3 ok i s S i 8 S A v o WRAT
A ROR B B A5 8, 2 1T A 80 A R AR SOC
E I — 5 02E T2 (ZY-1F) T 2021 4F
1226 HES, fERmtigl s DA, 817K
FHIEAEHGE, Bt A8 a, MIFAMSS d. DA
F& 2 = G AR L REAE 5 A R L R AR 166 N ik
B, SRR AN i A, AR SOC iR R
FEA A 1S T S A

AR LA HLIR (SOC) ZIREEHN R L%

(Conforti 5§, 2016), FECHAEZS [ 434 R
B S (RIS [ X R SOC & & 22 5+ 1
FH)o X —RMEXHE SR MBI B T PR T
B 25~ B B 7 Ab P AT 2 AR 2 M 1) ) Tl LAY
G LH . MLty > YRR A% 18 1 A< B4l Tt
A gk R SO AR o (R I 2R 5 2 2], R RO S8
(W) SRR GBS (AL &) ZE#Y
SRF, DN 38 33 M A e LR v ) S A A
(EME, 2021), PUHAT LA 0803 53 LA
T B R A2 2 i S BUE INMER RSO0 R 55,
2023).

B, X KR IR A bR SOC 947 A7 &84k
W, AW 5T AR R s Ol B R AR
(ZY-1F) 2585807 S8 DEM (Digital Elevation
Model) %5 %4 4, 1 H B L &% A& RF (Random
Forest) . i B i $2 F+ XGBoost  (extreme Gradient
Boosting) . > [\ HL [ 5 SVR  (Support Vector
Regression) . fiz/N . [0 4 OLS (Ordinary Least
Squares Regression) FAFPAEA 43X SOC 34T
AN, IR 4 RIS T AR J2 5 SOC 1 S 0K
FE o B2 R B O i BRI i T
AR SOC [RMZAG I i R 5 07k, WAL ™ m ol
T TR ZY - TF 7 S KSR YA MK SOC J7 Tl ¥ 77 5
FERR B CEARFE R RIRUEMR T A RERE (0—
30em, 0—5cm, 5—15em fll 15—30 cm) SOC Jx
T A U

2 MRSk
2.1 HRREHER

F 5T X 307 T IR VT4 T AR AL Aol K2
BLILSEEG AR, MO B A TR AL Rk A%
PaS /NG Ik, HbIRARBRA 127729 E—127°44'E,
b 45 45° 14'N—45°29'N, Mz & i B 26496 hm?,
TEULIE 1. MR LI S bR 8 TR IR g i X . K
Bili k2 KU, AR ERR 2.8 CHEAT, ARREIK
41723 mm Ay o BB L ILSE R AR IZ A B JE K AR
XZR, MATLILIRS . J50HRn . HERS R, P34k
MBI RN 5%, HIMEFEHRENI0H m’. +
BRI IR AR £, B AL 23204 hm’, A HbEE
fal LRTEEE R A DR S, BRI 3T
X, G IR REARE, SR I A I R ) M AR
Horp R SRR O T, T AU 21207 hm?; JRGG
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TSN

I b 0 A0 A T RESE L, WA 757 hm?; B
i) G AR A T W R &8, AN 1240 hm® (3£
il %5, 2015).

45°28'00"N |

45°23'44"N|

45°1928"Nt

45°15"12"N

127°3227"E  127°37'36"E  127°42'45"E

S
RGB

B 653 nm [ 550 nm WM 455nm e FHERE AT
&1 FLIE=N-

WIS IX s FELAE e R A 120 A P (T 150 2022 48
B F TR SARPREROR (L B i)
Location of study area and spatial distribution

Fig. 1

of sample points

*1

21 TEHARERAE

AT 5 2R FH B ATL ek B 1) O =X e e i + R
FEAT o FESEPR SRR AR, RS . MHBRAS AT R
RAE A, B L E RAE AR 67 A, I T 2022 4F
8 HoRE IR . RE L (0—30cm) A
PLK & + B b 2 5 & BRI 96 3 B 0 B A &6 4
(Chen4%, 2024), PFIHZEBCRAERE N 0—30 cm.
BN RAEE B E 1 mxI m )7, i EA 38 mm +
ERFE MR 0—5 . 5—15 1 15—30 cm 43 245 HL 3 4~
BEFE B3N ERE RS EER A, Arls
a0 R 3£ 52 1117 MU e e = e e U EE S
M2EA PR, T 1 mm i, FEOMRAE, M
G 10—20 g 4, 4=t 0.25 mm i, i H
multi N/C 3100 54 HLAR - HT {300 2 SOC e B 5 i,
B A RE SO = RO S AE A2 A R A L
Bk BEAE . K5 SRR 7 SOC S IAE AR Ry BT X6F g
%Ity SOC & &, B 0—5 em, 5—I15 ecm, 15—
30 cm SOC % V- Y(EAFE F1Z s 0—30 em SOC & i
Ho HHE RS SOC & R IEAG TSR InE 1
Ji7R s ANTR) 4855 2 Hr 5200 SOC 5 £ 19 4 &
Mrange 2 s .

TEENRE ETNEMRES T

Table 1 Descriptive statistics of measured soil organic carbon content

JZ - em /M I SN:I e FIE PrifE2E AR %
0—s5 34.83 275.80 108.43 123.23 65.19 5291
5—15 32.59 121.50 51.03 59.04 21.24 35.98
15—30 30.18 101.45 42.98 48.24 15.14 31.38
0—30 34.37 156.56 68.65 76.84 30.92 40.24

K2 ARRETEFNHREXESN

Table 2 Correlation analysis of soil organic carbon at

different depths
JZ R/ em 0—5 ¢m 5—I15cm 15—30 cm
0—5 1
5—15 0.63” 1
15—30 0.37 0.32 1

1 FRIRTE 0.01 GUNAHICHE B35 +FRTE 0.05 GO A E B 3% .

23 ZY-1F DEHIERTAE

A YR 5% 18 B 38 JEECHE S ZY-1F LA &
A AH P2 e B dE L A Rl DL G AT 40 4h VNIR
(Visible—near—infrared ) 1% 214} SWIR (Shortwave

infrared) 166 P YGiEH B, BRSO FR 3, A4
FEEHLY ZY-1F T ASHUEE , AREAR] S 2022 4F
OH9H, By, LME . nFTIHER,
R S W50 DX I8k SOC. 5 8 1) 5 2 o
&3 ZY-1F B3tiE D E AHSI 8IS
Table 3 The AHSI camera parameters of ZY—-1F
hyperspectral satellite

SEiEVE Fl /mm FEEEE /A IR mm 25 [R5 HER /m
VNIR: 395—1040 76 ¥ 10
30
SWIR: 100—2480 90 ¥ 20

it B
lef?‘Ee}

Xt ZY-1F 556 A5 ) TRAL PR AL 5 58 5 2 s
Flaash KA IE . JUA RS IE A M OIE S IE . ZY-1F
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AR T Z BN . XA A B L H R
ARG EFEZ R R A RZ A, AR TR LA S A A7
TERRME R, RO M4 S R sk, b
TS W A LAAE— B FEE LM BRI (R0 (Debba
S, 2005) o A ST R B B I 0k Uk O
(Savitzky Fll Golay, 1964) 5C G5 ph £ (1) 71
ZHXMECH 3, B RKERS,

2.4 $FAEIREX

s R B3 S0 5 . RACHUN Y i,
It HA S B THAS [ W SRR B 6T O BE X 5L 46
Jeig it -1 5 R — B gy . gy . BIER
X HIOLE 43 3 AR Ay X OGS S R A T AR 4
D18 L W Sl T s o 1 7 i = R/ W (1
(Tsai F1 Philpot, 1998):

(R(A...)-R(A,_))

R(A,) = A M

R(A,)-R(A,,
R"(Ai)=( ( )ZM (4..) @
X, R(A) BB — B o, R(A,) M
BLi B i, A RIEBL R R(A) N
WO B R RS ER . AN NI, 5K AW
ZEH.

BT ARk B O A W FE 5, T DA —
FEBE bk RS S i 2 i, s A
B RARDE ARG (238 45, 2015) . AHfF
FEVHE S PR R s AE 5L, AR K4, H
TG OGS R R, — R R B
FEZ R Bl A 0720, WG ik BT A T RE B i
BOF AR BAR AL, $EFRS SOC Kz R AR AH 2 R BN
i )R BRI X L A U B, R R R e A B
TEBE MNP B, AR . &b, 20, LA sb B
(1) )16 1 BE B [ 43 9 h : 420—490, 500—590
630—720, 720—867, 43l Xt W ZY-1F i )G 5%
B 1—3 ., 5—14., 20—29 F130—47 P EX .

R4 EREBEBHEAKX

Table 4 Vegetation indices and their calculation formula

SHTR AR R
e

i%ﬁ;ﬁﬁzi&WI (140.5) % (R, + Ry /(R + Ry +0.5) A% - HE AR R

fﬁﬁi*ﬁig'))W R, -R. ITLT AN G LT B U R 2 25, DAL AR B 10 A= K RN fat BRI

IA—AEA B8 NDVI
(Tucke,1979)

H—Ab SR B4 % GNDVI
(Gitelson %5, 1996)
FLERIBERE L RVI R,./R
(Blackburn, 1998)

eeeeee

UELLAMS LR B SO R 2 L, DA R AR A HOIR L

ULLLANS SO Be i BN AR 2 L, PRAS AL B 3 0 A IR

IELLANS L0 B S AR PO, S0 5 R 79 57 22 18] Y
22

TE 2 Ry R gons Revs Ry SR (ZY-1F BOLIEVE L - 8 (420—490 nm) (%% (500—590 nm) \£L.(630—720 nm) FIHLLLAH(720—867 nm) I

Bt g

oI R T4 o0 B A B ) — AN EE 2 SR b
HIRZ, iR AHERR 0 SOC Y /A () 3C
A, 2010) . HUJE PR i a5 K A IR )
3 T T 422 52 i 2% PR KR, LT B2 M 2R AR
SOC 43 i . K07 = A2 45 % DEM  (Digital Elevation
Model) %4 J2& 5K F NASA £ EARTHDATA &
(https://search. earthdata. nasa. gov/[ 2023-10-26] )
FF DEM B85 17 FH M BELAE B R G (ArcMap
10.4) TEAFRIERE | B HURE EE S MO R 3t
[FFE R SOC & M BN AR 7 (ZEHaf 45, 2022),
HIE TR TR G B LR S,

T AR SOC 5 HHK /i MRM SO R %

YI, AR5 E A 0 5K 5 fAR ki B9
£ AGB (AboveGround Biomass) 7= & AE A F i
o HETARMENZHIIFE (Dud, 2021), KA
BILIL S8 Ak AGB AR 25 SR 2 5 S0C [ i, 28
1] 43 38R A 30 mo - HEK S84k [ AL Bl 27
o A M 9 DR 5 Al DX R i 5 T A % ) v ] - K
DEAESE (Meng®:, 2021), fU5 20024E—20184F
v [ il IR S B, B mYm®, B[R] 53 B
FKNH, 2R 0057, HHERFEN30m
FIE, 5 AGB =S Gon R/AMARE—8. iz
Pt 45 v B 5 S0 B HRE A Ok B2 Y 2016 A —
2018 4F 3Ny K (6—8 H) M R4k /ME,
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BET B IR AR O R B TR R HEOK Ay 5 S0C
AR E £ B UM SC 1 B B 3 Y 2016 4F

7AW K HEAE A oK R R S R

x5 WEEFRITEAR

Table 5 Terrain factors and their formula

A T ik H
S0S B AR K i 2% 1T e AR AR Tk T AR AR ) B i o
SOA = ((SOA1 + SOA2) - [SOAT - SOA2|)/ 2
SOA [ A
HRER SOA A A B SOAL: IEHITBH IR, SOA2: AT
s i Slo = arctan /f.* +f)2 X ?SO/TZ# -
Sto: MU SO BEEE 5 £« P B il L OB P f VA R y i - A
A = Swe/Ssn
A et A T S5 6 5 Swe: 0576 B IE s Ssn: 3245 6 o LK
H =y DEM %4
e " EV = STD / Mean
EV MREARE Ry R A R STD : B TR RS 5 Mean 57 11 P FHY P R
Roush R R = 1/cos(Slo) x w / 180
e . R T 2 B MR ; Slo  Hb T 5 504
e SCD = Mean — Min
SCD WARVIEIRIE g i 5 2 22 U BIVREE 3 Mean: 51 11T R s Min: 711 Ay B (G2
RDLS Aty RDLS = Max — Min

RDLS: IZAMHE 200 AR AR BE 5 Max - B 11 IR R ER s Min : MW7 87 1 PN /N ES AR

2.5 HRBVENT RIGIE

H A I 5 A0 T Y R O 35 BOHR R AR A
FEARR D, bR, Z5lk “HE
GOHME” AT AUET, T U NS B A R
I EEARAPIR AL, BT VR AR R oy B (XA
5. 2016) . BBIFERAET R RFE (Recursive Feature
Elimination) J&—M300HE, R ZEAR AN
P EERRL, 2k N AR RS (RIR A,
2017) o APRIERARFAEERL, H R BOE RFE RN
1—100, KN 10HATHTRIE, WP R Fom i EE
g SR, DAHATERAE DB 5, Koy 1
IR AN 8, SR I AERR R B, DK BB
By LA A 2R

I RFE J7 12 08 7 A7 E A 7 125 07 30 e A0 R fiE
T, JFHEATRTALRY A, 0 A A v R R 2 O
(XGBoost) . BEHLERAK (RF) Fl 3245w = AL ] 1A
(SVR) 3 B AL A% 2 > 533 AW 1] de /) — 3 [l 19
(OLS) FHEMG GG 2 ekt H

ARSI RS2, XGBoost LA
[f] I3 # CART (Classification And Regression Tree)
DFERERY T PR T PR SR S AR CART B
[ Boosting M #  (Vapnik, 1999). FEfili~:>)
R %GE  (num_boost_round) 5 & 4 200—1000 f)
9ONEL, KIRIE (max_depth) 158 1—203%]

Sy AT 20 AN {H o RF AR SRR O BEAC A, R
Bootstrap #7512 IR IR VI 2R 4 R BOREAS , i it
B A BEAT PSR AR, e 2 ZERPCR I 21
JRBEHLERAR A 5% (Breiman, 2001), #E47 R4
KIF, FEAl2E 2] 258940 E (num_boost_round) Fl
e KEE (max_depth) AYHUE S F 5 XGBoost 1
RUAATR] . SVR A 3 22 SR AR R 3 i IR 42 M 722 o
N RSB i Y a5 ) 5 78 i 2 s 1) op SR de i
(943251 (Smola #l Scholkopf, 2004) ., A< HF5% ik
5 B A% ) 3 bR B B PR B, T EE X epsilon
gamma il cost ZEHATIAL . epsilon HI T B L3
BARTERE, BEMNO0.1, 0.01, 1; gammas&iE X
e 0T BRI BT R 1) S 8, B DAX Ey A o A TR
10°—10 1 15 ™ E 5 cost W A~ 345 ] 1 1 5%
Wi, R AXERS 2] 53 A AE 107°—100 F9 11 1M

HI T AW B T EAEAC B/, Ol B —
22 X5 LOO-CV  (Leave—One—Out Cross—Validation) ,
X AN [FASE Y EAT AR BT o S RORS B 0 Tk &
(R . ¥J7 M i 2% RMSE (Root Mean Square
Error) . FAXJ ) J5 1% 22 tfRMSE  (relative Root Mean
Square Error) . SE 45 %F iR 22 MAE  (Mean Absolute
Error) fifg2% (bias, b) 4R fabrEATIEM o
HRAXNT
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3)
)
2 ¥i =
MAE = 51— (5)
n
RMSE = JMSE (6)
Y
z Yi~ ;‘
b= (7)
n

K, 7,8 SOC WAL, y, A SOC SZMME, 7, K
SOC SEMMEFYME, n HITEAEAREL,

3 iR 500
31 HMMPBEFEEE

I RFE 5335 15 1) 52 8 K AR Uk A A 4 3 45 12
SOC W B IEFHEMFE 6 Fin. AI0L. KE/H

PEARRAE T h 46 K /3 HRE (water), TEB]
- HEIK A3 X R SOC Y S+ 7y FEL ;AN [R5 A
T B RRAE 748 B AT BH 8 22 5%, XGBoost #l1 RF
TR S5 O R AIE 4 32O IO R AR e (A
DD) FIHEIE R (g BE A ), 3569 XGBoost
FIRF B AT DS 41 FH ip B B S 3R A0 A0 46 R
JE P ff5 8 (Taghizadeh-Mehrjardi %, 2016);
XGBoost 7 B A FRAE T B2 R AE IR 43 A 41 G Fiie
LI AN BERCS R AR5 (DD713., DD816., D713),
G I REAI o BURAN ) N 3= 5 N RS Y A i1

A A KRB A e 25 5 . Hid, 713 nm PR EX
LT AT WG ZUAM IS R AS AL, S ZY-1F /Y
Sl B, 30 NN R AR R SRR Y AR
b, CLIE BRI KA, BRAE T A Ak b 4 i
MYIHEATERE, S EBRE I Hm ., AR
T R A R AR T AR R AR TR] L i,
6T B ST Ry (W D584) 7E 0—5 em 3
JFEBIRER W, MAETR)Z g W BN,
[F] B b TR R (A e R RN 1) 45 ) X382 SOC
BA—EEH

x6 EMIFAFE
Table 6 Optimal subset of features

B /em A FAUFFIE T4 R4
XCBoost A, water, D661, DD541, SCD, DD816, DD532, DD841, D592, EV, D824, D584, .
DD756, DD850, DD747, DD618, DD704
0—5 RF DD816 nm, DD859 nm, D584 nm, EV, SCD 5
SVR LR532 nm, LR541 nm, LR841 nm, LR850 nm, RVI(B644, B738) 5
oLS B575, B644, B670, B807, B824, D18, D21, D37 1
XGBoost DD816, water, DD541, H, S, DD809, DD713, DD859, AGB 9
RF DD859, AGB, S, DD816, H, D618, D661 7
o SVR B859, LR524, water, B841, RVI(B644, B747), GNDVI(B507,B841), LR541, B876 8
oLS B653, B687, B816, D14, D16, D22, D27, D31, DD13, DD23, DD30, 1
XGBoost DD575, water, DD841, DD661, D549, DD781, DD524, DD854, DD764, D713 10
RF DD661 nm, DD841 nm 2
15—30
SVR LR627, LR418, water, LR618, LR704, RVI(661, 773) 6
0LS B824, B867, D20, D44, DD21, DD30, DD44 7
XCBoout DD618, water, DD816, H, DD541, DD713, SCD, DD859, A, DD841, DD704, DD592, s
D584, DD584, D678
0—30 RF DD816, DD859, H, SOS, water 5
SVR B867, water, B876, B850, SAVI(B678, B721), LR736 6
0LS B695, B713, B773, D20, D32, DD25, DD43 7

T BABRIR I B D A —B 4T s DD b s s LR IR 55 P BT A A B R B BE A A o AGB s L AR i A 18] EV
AR S R H R s GND VI H— AL SR R BE 8 500 RV FUAEBEFE 20 SAVI: R HEE A g8 45 SCD - b R VTRV 5 S 3 5 SOS - i AF

%; waler:j:igﬂ(ﬁo
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32 AREREBFHRM SOC fENFEERL

o FH 4 Fh A% & (XGBoost. RF, SVR. OLS)
XPANTA] - R EE SOC #EAT AR, RS BE SR 7 s .
ALUL: X TORRIAY R IIR A, 4 FPBAR A 0L & RO
FEAME, 0 XCBoost>RF>SVR>0LS. M + 1
WENXRE, BN XGBoost il 0—30 em SOC
MR R 5 A5 R 2 158 (0—5cm) SOCHY R*AH
Wl (¥ 0 0.54), {HAL M 0—30 cm SOC Ay £
rRMSE . MAE F1b3j<0—5 cm; AN[F] 42 SOC Ayt

R4 R*. RMSE. rRMSE. MAE F1b ¥ 5 B i bt
PN I TTRZ St R RANUY SE IS L Y =
BEURBE MBS A DG . MR EER 1 SOC SZMIME A
PEGE TR AT, SOC 52 ME bk o 22 F1 722 S5 2R 45 b+
HEVR BE B 35 0 g s/, BB SOC 7 (B AR
RN, FRoE R K, PRt , B SR A
AL RMSE . TRMSE, MAE F1 6 5 /N, {HAL
BRI BA A S 38

F7 BT 4FERNIREZRESOC HMiEE

Table 7 Different depth SOC estimation accuracy based on four models

A HERE /em LAY R RMSE/(g/kg) rRMSE MAE/(g/kg) b/ (glkg)
XGBoost 0.54 44.25 0.36 35.98 39.15
RF 0.22 59.99 0.49 50.48 46.30
o SVR 0.17 69.73 0.57 57.25 49.62
0LS 0.15 78.74 0.64 59.57 50.33
XGBoost 0.46 15.72 0.27 12.54 1421
RF 0.19 19.73 0.33 16.28 16.72
b SVR 0.15 21.08 0.36 14.90 18.00
0LS 0.11 23.47 0.37 15.52 18.71
XGBoost 0.30 12.56 0.26 9.67 10.71
RF 0.21 13.31 0.28 10.69 11.63
15—30
SVR 0.18 16.79 0.36 11.10 12.11
0LS 0.12 17.83 0.39 12.50 12.87
XGBoost 0.54 21.28 0.28 17.29 19.24
RF 0.25 26.70 0.35 22.15 21.95
00 SVR 0.13 29.67 0.39 2293 25.85
OLS 0.11 30.22 0.41 2321 26.21
P2 Ry e AR AL (XGBoost) AR 2021), MIii S 20 T AR Ak SOC 5 22 w3 {8 1K Ak i 31

JESOC & & 5iamila g, Bk E, K
AR BE 1 SOC ¥ “ i fE AL Fn AR AA Ak
IS . M2 (a) AT, FZHHE (0—5cm)
() SOC FH0RS B4 hy, WU i 12 1 Lk,
B FERZLE (0—5cem) BYSOCHEE R . &
SRR (1), FHLHERER (RMSES) 2
i T HAZ M soc, HE2 (b) A (¢) Al I,
5—15 em F115—30 cm SOC {HI AR LIE Fl/N, s
TEMRAE XA A, AR S (e AR AS”
PG, X fESE T AR AN T 6% i B
WA, N TS, W EAEY R RS
B R 422 S AR AR SOC, T 5T X 3458 5 114 2% KA
VAT A8 A A 40 2 AR MR AR W it B A (Du 55

%, 2 (d) "I, 0—30 cm + 3K SOC J 1
WERL, SRZ2H5 (0—5em) WRHY, |
RMSE ., MAE DL K b ¥t /N 3R )2 148

GG B R T R (3R2), 0—5cm
55 A A 2 AR OGP Bl A 2 BRI s s, RZ
(0—5cm) FAUEJZ (15—30cm) +3ER SOC & &
R PERAL . B, BAR N H ZY-1F £ 38 Fn
XGBoost BRI 1Y S 2% )2 £ 1ERY SOC & i, HiX
AR 7 kR B T AR AR RO G E B ny ) 2
i, B JZE SOC 7 & M3 )2 SOC & & 2 [H] A %
PEAS /N, X B 5 kA R J2 SOC T I ] ) 34 s
55, UL, X% 15—30 cm A9 SOC 7 Ak I35 SR AR X
B
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Fig. 2 The fitting curves of measured and predicted SOC content at different depths

33 AETESEMNFMASOC RiEE

7 FH B AR R X G Boost S 3 M L LI R AR U A= bR
SOCE 3R, HE3 (a) ATIL, 0—5 cm ()3
JZ e ZR AR SOC B B EAE P AE 80—160 gkg,
WFoR X e, DUJRAIG, T3 BRI Y SOC % 44
Ao 3 (b) AL, 5—15 em 3P AR SOC
T ETPE 40—70 g/kg, HAMMH 0—5 em T3
L, s, PR, MIE3 (o) AT, 15—
30 em T HEH SOC & 12 FLAE T E 20—60 g/kg, B
oA R BUARERAR, PHE e, AT B Y o A
50—5cm. 5—15 em M, HPWGEHEIT SOC F i
. HE3 (D) aThl, 0—30 cm B #RA SOC 75
HAEPTE40—100 g/kg, BFFEXHARIGAT, DUJR4L
. S A A B AR DGR TR BT A AR AR
SOC 7 HAHXH & o

AN TR) = HETR B SOC 5 2t T I A 5 3R P Ge 1T an
T8N, BVAMIF, B8 LIS H AR 0—30 em

(R FRAR SOC T HU (B Y 1124 20.67—118.23 g/kg,
5 B BUE VS Bl (34.47—156.56 g/kg) A EL
B S 4 /0N, SR T A A S 1 O 2 A 22
ANK (67.20 v.s. 76.84 g/kg) , 1H H{H 2 R K
(68.68 v.s. 117.85 g/kg) , tRifEZEMZERWHKK, 47
5114 11.88 g/kg F130.92 o/kg, 3B FIM(E b 2L 5244
HAEF, 0—5 cm. 5—15 em Hl 15—30 cm A FR AL
SOC 75 £k 71 Bl 43 1 A 27.64—217.74 g/kg. 22.53—
83.84 g/kg F125.00—70.58 g/kg, BNBEZE + )2 MK,
SOC & s AW /D, HAWHEMFRERSE (T 3CH
&, 2013); A8 S R ET AN 21.59% . 14.61% FiI
12.11% , 540 10 2 80RE B2 B i et/ o X2 T AR
MR B R KR MEYREY, FRRZ L
AR TS KB A, BEm S T 3R)ZE SOC
frms BE H)E N, TR AR R, e
JEE A5 At A A Al BE AR, TR 2 SOC % 2 U
DHILRZRE (BRHE 5F, 2016).
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Fig. 3 The SOC(g/kg)distribution map of the natural secondary forests in Maorshan experimental forest farm

&8 [ XGBoost EAEEMEJL LI #RIH TR SOC ZEFM LR

Table 8 Descriptive results of the predicted SOC content for Maorshan experimental forest farm using XGBoost

SOC &1/ (g/kg)
JZ%/em ~ AR S 2%
e/ ME ITYNE] LAY EES I brifE 2
0—5 27.64(34.83) 217.74(275.80) 122.70(108.43) 88.87(123.23) 19.19(65.19) 21.59(52.91)
5—15 22.53(32.59) 83.84(121.50) 53.18(51.03) 46.92(59.04) 5.86(21.24) 14.61(35.98)
15—30 25.00(30.18) 70.58(101.45) 47.80(42.98) 40.12(48.24) 5.68(15.14) 12.11(31.38)
0—30 20.67(34.47) 118.23(156.56) 68.68(117.85) 67.20(76.84) 11.88(30.92) 17.68(40.24)

T 155 O AE S I Y B
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34 ARMHEBESOCEEMLLR

o T RR MK SOC R Z AR THIB R W), BT LA
MRIP A 22 %F SOC i35 1= AL (k=5 71 £ 1
e, 2022). ABFFEARIEE L LA A F SOC S i
SR, X AT TORTRIAR R I (R bk B
ARAEFRIRASHR) 1 SOC &R, 45 RME9
Pk Al UL 3 FhAARGr JE RSN JZ TR SOC 7 a3
AL, BB A R RS BT R TR SRS B AR

K9 TRMHEBSOCEEXTLL

Table 9 The statistics of SOC content of different

stand types

SOC & #/(g/kg)

JZ2IR/em —
el EFupk SRR A A
0—5 89.53+20.68 87.62+18.89 89.38+19.78
5—15 47.71+5.68 45.65+5.25 47.40+5.51
15—30 42.23+6.48 38.07+5.76 40.16+5.67
0—30 68.87+12.56 65.21+11.77 67.54+12.36
4 1 8
4.1 AEEBRBFMEXTSOCE =M
REBRMEE . I ERE S, KRS T

B 2 Sl 17 3 N 1 7 3 N 51 00 5 G, S 1
BRI, G — M i A B B2 % SOC Ak 4
WE L, 5B RSO (2022) . B ) A
(2017) WFFELER—2, X ORGSR B il 43
Xof W s ) B A, IR AT A TE — R R T
Bk 48 A S M R s e, 4R TGS 1 R A
I HLGRE A (o FHAR S 6 % BT, RO T AR 4T
W B RS R I ASAAE OL, MIEF R S A5 T A
WBLRIE R, X SOCH UK (Tian %%, 2011). M
FRAE MR HE P R G , 206 Ik B RIT 41 1 Bt
T SOCAH MR FHLEAEH, X5 Gholizade (2018)
S U0 25 AR, T DR AT R 40 6 i B A 41 Ah
W BT TR SR Y RRAE 9 G A R A e A
2R 2R & U2 (Mutanga 1 Skidmore, 2004) ,
M2 2 & S R HEA HLET R SOC & YA G, il
Bl AR R DR T A M E RS B (Odebiri 5%,
2020) . ZLIPE B A F 0T WG AT LT/ 1 58 5
b, BN R AR B S SRR () B AR AR, 4L
B R, BB T A AU S A 4 F
&%, S8 EBERE R, Wik, 768
TR FH T R A% B 25 b Al A 1 A A Bl 2 R £t
FEAR S (Jiang 55, 2021) . &% 60 B A R0 4

(W1 D584) £ 0—5 em + 42 BIREH B35, Wi
FEWZ I IE R BN, X & Tt B
Tk (R A Y S S I RO, A R A A S T e 2 Y
SR U B R A R A AR AR T X 2 SOC 5 i
AR (Wang %5, 2018),

FEARAIEFE bl & 30 HE B 77 FR AR SOC 1 7l
kR 2 o mE R, X BB R 52
MR J2 F IR E . BESFRE, MRZESoCk
ATNBEY R, 15 HIE R X R Z SOC 1R
AR (Essr 4, 2023), HXEE (Tian %5,
2010) XF AR 3% th A< B i LU A bt SOC 5 1t B
FERI . HIE R F-X SOC B 4345 77 2 52 , 5]
SR TR E SOC A BEEH, X5
SER—E, W ENEZENHIEHE T, @it
6 HE G S5 5 0 HE S [R] (5 = 3K B SR = AR R 22
St dEmiEEZEEZm SOC R (Zhang 55, 2015).

42 HMHSOCEEHNH

45 R B, FEMSOC 0—5 em., 5—15 cm
51530 em & 43 A AR GUAR S, ) i B 3 3 2
SOC #i# /b, MHEZESOCH KL, X 5H
R B B B A+ B POMRH SOC % i 5 A K 2
B E O SC A5 2L, AT RE 2 H AT it B i 3K )22
T HOKM R Z, HHOKHESOC TN B S
WA, 2024), FNGE R RBUL I B RBHL,
FJZSOCH B & TIRIZSOC, XEHT T2
- AT B T )RR R A W W b, R )R
SRS FIOK i, SR8 SOC B i i s >
(BRIEFS A5, 2022) . EFXFASFEIMRSFZEH SOC 5 7
FEI R v S BRSSPI AR, X T BB
TR TE Y SR 2 T o iR ARG, T
R pkrh & AR 2 AR R EPUS G Y S B0A
HPHMELL R SOC (Bl 45, 2007) 5 53— 7,
[ N D =i e L o N NI S 7 SR
M. B, AR T RERIKMIE AR E, JFH
A I T 100 W 53 Fire R 08 5 R 1 8 %) e Ak ot
T (Taghizadeh-Mehrjardi 55, 2016), ifi E.iE JL 1L
TR YA ARG AR R DL A L K A A5 R
2 Uy B SO L 7 NS s N R = A T 2 N
SOC 75 45 e 1Y F 2 i ]

43 HZFMSOCERERE

52T BRI L, OGO AR I R A
TG BER L RS R AR, XA BT
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15 B R IR UL AR SR HILRR S 38 2681

WPCIRERFERI AN (Bao %, 2021). RAEEE
TR AR TEAN AR BRI, (BRI DL
TR BEOE JF N BE B S SOC ik, (M,
15 ARAR SOC 52 15 Fof AU S AR N 1) & ARFE b (AnAs
PAREL, THOGIBRES) , Xk H TR SOC [
A B, PR T BRI (Merry F1
Levine, 1995). iXE6FALH5 bR B4 1E B SOC J ji
KSR = OCH 2, AEPLIE B bR n] LR AL 5 soC
o BRI OGS B, H.S0C o A HoA & A=tk
X EESRBR IO A P AN Bk, S BUR R
FEZ IR, RS B R{E (dos Santos 5%,
2023; Shafizadeh—Moghadam 2 2022),

555 GG 1R BRSO H AL R B R (i
SAREUE . WOGT IR, W LAVRAN R —E R
AR, DA R 25T SOC F i 41 i B 4k i 1%
B, T4 i AR AR SOC Stk B . i, 5ol
AR LL . SAR 5 2% AR 32 KA 52 i 2
M2, X—ILHOR T SAR BURTE AR SOC [
T8 A A A (Filgueiras 4 0 2019; Woodhouse,
2017) o BEA BEIBFARB AW, KA 230 HIHE
Zw sl LIS PO g R TR AL
FH L 30RO b A E BR AR SOC J I8 4 AR 1 % g
FEAEMO AT 3 )2 B i35

5 %5 ©

R T X RER AR SOC HEAT A SUAS I LA
B RIRUE MR R 2B 1R, ABEIE LA L
R AR IR AE MBI, R ™ B 2 e D ik
HWEGR (ZY-1F) Z5AHIae )i, f—8
7 AL 8 8 DG e B BS A T AR MK SOC [1] 22 At )
ARSI, IR EE S OGS DA ZY-1F
FE R R AR AE AR SOC 7 W 1 o 3T ZY-1F
55 XGBoost £ 5 0] HE 7 A7 %) SOC AR i A, 4558
PLERE e, M REZE (0—5cem) 13 SoC
s, MR E B R, HR
Xt SOC 75 18] 4 A B i 3 R . X ZR Ak SOC Ak
D35 U ) 2 ZY - 1F B8 A i B 4y, D B ] 1
AR SOC & i TG, MBI T, 13K
43%F SOCARMIVE AR . [FIRE, RIEI#RAr257 SOC
THAEDEES, KA MFEMI (68.87 gkg) >
EF IR MR (67.54 g/kg) >EFIFAR (65.21 g/kg) ,
HiZH P e 2805 —8 25 b, AR
WE T 3T = B EEiEEds (ZY-1F) F1XGBoost

SR AL S B AR AR SOC Il A7 1, A A TSE 8K
IR} 8] 7 51 A9 2R bR SOC IEZE T . ARRAYIBTFE
T EAEAN ARGy A [A) 2= AT DA 8
A2 B i L R AR U AR AR SOC BE AT 32 4F WL Y
HA5.

B RSB RARTREFRS S —
BB AR EBE P — LH S b
(http://soil.geodata.cn) FEAHELFH R .
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Inversion of soil organic carbon in natural secondary forest based on
Z.Y-1F images
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Abstract: Forest Soil Organic Carbon (SOC) is a critical indicator of forest soil quality, significantly affecting the growth of forest trees
and playing an essential role in the sustainable development of forestry. Investigating the potential of utilizing hyperspectral images to
accurately determine the SOC in natural secondary forests is imperative. This investigation would aid in providing technical assistance for
estimating forest SOC on a long-term and large-scale basis. With a focus on the SOC of natural secondary forests, this study randomly
selected a total of 67 samples in the Maoershan Experimental Forest Farm of Northeast Forestry University. Soil samples were collected
from three different depths: 0—5 cm, 5—15 cm, and 15—30 cm. The SOC content of each sample was measured, and the mean of the three
layers was calculated as the SOC content for 0—30 cm depth. The hyperspectral image of ZY-1F was analyzed to calculate the first-order
differential, second-order differential, reciprocal logarithm of the spectral curve, and vegetation indices. The Recursive Feature Elimination
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(RFE) method was then employed to screen the features, taking into account the Digital Elevation Model (DEM), soil moisture, and forest
Aboveground Biomass (AGB) datasets. Three machine learning models, namely, random forest, Extreme Gradient Boosting (XGBoost), and
support vector regression, and ordinary least squares regression were employed to estimate the SOC content, and the best model was chosen
to estimate the SOC at various depths. Results showed that XGBoost had the highest accuracy in various soil depths: the R* for the soil
depths of 0—30 cm, 0—5 cm, 5—15 cm, and 15—30 cm were 0.54, 0.54, 0.46, and 0.30, respectively, and the RMSEs were 21.28, 44.25,
15.72, and 12.56 g/kg, respectively. The average SOC values in the natural secondary forest of Maoershan Forest Farm were estimated to be
67.20, 88.87, 46.92, and 40.12 g/kg for the 0—30 cm, 0—5 cm, 5—15 cm, and 15—30 cm soil layers, respectively. The SOC concentration
in the forest declined as the soil depth increased. Variations in SOC content exist across various forest types, and the SOC is ordered in
descending order as follows: broad-leaved forest, mixed coniferous and broad-leaved forest, and coniferous forest. The band information
from hyperspectral images enables the estimation of the SOC in forests. However, the large number of bands leads to data redundancy,
which in turn reduces the accuracy of the model’s estimates. The RFE method can be employed to identify the optimal combination of
features, thereby reducing the amount of features and enhancing the accuracy of model estimate. The differential characteristics of the 710—
850 nm bands in hyperspectral images are extremely beneficial for accurately estimating the SOC in natural secondary forests. Topographic
factors exert a more significant influence on the SOC at depths above 15 cm, while soil moisture and AGB have a more pronounced effect
on SOC in the 5—15 cm layer compared with other factors. The integration of hyperspectral images with DEM, soil moisture, and AGB data
facilitates the accurate estimation of the SOC content of natural secondary forests. This approach offers valuable support for estimating long-
term and large-scale SOC of natural secondary forests on the basis of multiperiod hyperspectral images.

Key words: natural secondary forest, SOC, hyperspectral, machine learning model, feature selection
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