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Research progress in soil texture spatial prediction methods based on remote sensing technology

WANG Tiantian, DING Qixun, MEI Shuai, TANG Mengmeng, JIANG Wenjuan, WANG Qiang, MA Youhua®

(Key Laboratory of Farmland Ecological Conservation and Pollution Prevention and Control of Anhui Province, College of Resources and
Environment, Anhui Agricultural University, Hefei 230036, China)

Abstract: Soil texture affects soil water content and fertilizer and air permeability, and drives multiple physical and chemical processes
occurring in the soil. Developing efficient and fast remote sensing technologies to predict the spatial distribution of soil texture has
important theoretical and practical applications in soil quality evaluation and agricultural production planning. This paper discusses the
application of remote sensing data, methods and models to predict soil texture, and the use of auxiliary data such as radar, terrain, and
vegetation index data for soil texture prediction by remote sensing. The paper also proposes three methods for predicting the spatial
distribution of soil texture based on remote sensing characteristics; namely, spectral response, characteristic wavelength selection, and
remote sensing interpretation. It also focuses on the application effects of statistics, geostatistics, and machine learning models combined
with remote sensing on spatial prediction of soil texture. The advantages, disadvantages, and application of several typical methods are
compared, and the application conditions and accuracy verification methods of remote sensing prediction of soil texture are analyzed.
Future research needs to focus on in—depth extraction of various remote sensing spectral features, acquisition of multiple types of
environmental variables by remote sensing technologies, and development of a multi—algorithm hybrid model combining soil physical
properties and data—driven machine learning features, so as to provide a basis and technical support for the spatial prediction of soil texture
at different regional scales.
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SVM BRYEE VT 43— SoUARAY AR GF b 50 12 X+
SRRV . W AAES A W LTRSS L
SRR MEVE N AN SH AL SVMABRL, SEBL T 5K
JIZEZHI TN, FWHCRAE T MSRASEHY, [w]i , >R ]
2k SVMAY , I Sentinel -2 45 22 1 B R g pif
) 1 Bt 154 T LB SO A [ Y B R R A
AT, Hsm g A 25 (b - Fnbige +) iy o3 St b ]
| (DA A FRDIE ) (1) 43S B HERR©

SVM 5 R f) TN A 32 45 1wy L BEAT Rk Tl 2% 45k [
MHEL MR, B S RS M 7. L
98 )& s 18] 3 A P 9 52 PR 9 oy AR T AR T 22
328 R, M SVM AR B LA HREXS A8 b AT — 732K,
H e BN FERE AR, 2 A 5 2 e AR 3Ot 2 1) 1
FEVNGRFEA  HOZ BRI ALE 58 5T 1 23 8] T 75 180 36 47
TEJRIBRPE o
3.3.2 N MM

AN T 28 M 2% (Artificial Neural Network , ANN ) i
TS A 28 70 00 45 00 {5 AT AR B, X it 2 A AR
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ML FEIREG PB4 - 5 404 - 5 0 ] - X

i ORI 2 1) A% i A AR G 0 O AR . R A
FI U Vis—NIR DG £t , a7 1 A b b A Rk Y
BP—-ANN ##1 | 25 5 3% B 56 T It 1 ot 3% = 4 19
BP-ANN FiU 45 R e 47, A AL T MSR A Y, RE S BY
Xof - S8 ST ML 1) 1 AT o N AR SRR ekt Y
ANN A5 78 —— 72 1] & pR B0 #2844 (Radial Basis
Function Neural Network , RBFNN) # 7. 1 + 438 Ji 7 26
B Z A R - (1 S SR, 25 R ] RBFNN fg
KOG LT S & PR A i 2 [RIAYAEE C R
FLA B MRS B . Taghizadeh—Mehrjardi S50
H IR A 8 ORI 3 S BRI 1) P PR s A S
KT 83T — RN TFEY A k4258 ANN R
R FITI 3 5 b 2H 4323 (] 43417, BIFFE R WITR A5 i 22 Y
2% J7 13 AT BP-ANN, J b B 43 3591 (Monarch
Butterfly Optimization, MBO-ANN ) £ 4 X 25 +  #p ib
+ Fb A- B9 F ) 77 R 1% 22 (Root Mean Square Error,
RMSE) 2425 T 20% . 10% F124%.

ANN AT A 58 Ja 1 2 8] 4341 BA A (4 T i
I JUFLAE KRS Bl SR B0 R4, RE A A A8 A1)
EOCERHE , HEBS) T A 2458, BAT S5O0 Edk
GG ATRAAR AE J) AB LR T RRAE R R G
T RE, BRI AR S, i T RE I FE LA AR .
3.3.3 BEHLARAK

RGBT EAE AP TERS AN & DLl 5 RE )
AR [A] T, Breiman!™'5E T Bagging 77 15 B 4 1
FEHLAR AR (Random Forest, RF) 372 (% & , I3 1) 55
BUER] T RF REA RICHI A o TR SR RHASE A v S B A 2ot 40
AR, $R RN 2 AL RE J) o LieB 55" F RF AL
AU A S e AT 1 s Rl A5 2] T e X A
S S 0 S Tl o T DS N2 e i N S S TR U B 8
T RK.EBK RF 3 Ffr FiL 45 78 %ot ¢ 4 X - S5 A 2 i
25 [B) 43R PEA TR, & B RF TNAS 2 e 5 o Benedet
SIS ) e 48 20 X5 2k 2 0 O 1% (pXRF) L & B
pXREF+RF FIT AL R k7 P ik g T i SR L
5T pXRF+SVM AL i i3 pXRF 1] UL 2T 40 it g
SF 61 (Vis=NIR DRS) s n] LA 73 531) a8 7] ik v 4
T - 458 T b

WA, RF T 18 Ja 4 253 (] 43 A1 000 75 1T 49 oy
FABFFE R E IR , 2 PR DR 2853 i 5K A8 45t (1] T B
WM RIEOT , RF 1 T0N0RS B8 W 2 T4
TH LG 2 A B[R] ANN — 4 RF 530 2
BRI, HE T RAAEI NG W T i 5w
SRR EZ M EE LR
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3.3.4 WE >

H 1 IR 2% 2] (Deep Learning , DL) #7122 4
SEAEARZE M 28 2 b, RVAT DL ) S [ AG 46X 2 2 28
PRy Al CE L MRS R EA T I Z5 . A ShRr AR SR IE
P N5 7 Bl b R TR A ) S HLAR e T B X
CNN J2: ¥ JE o7 > A B v 85 hy o DL A g B4Ry — Fp o7
2, B R B R FRE R ICAE 71 o Azadnia S il
F CNN X 20,4060 em 3 Y - SESCHLENR 2147 53
28, Bt 1T NN ASE Y g - 58 o b 5000 45 4 1 &
TE R P ST, 45 9 3R W CNN J7 7 e 6% B 3 v ff b 35
W RS A 37 + 8 i b 2 780 . Behrens %57 ] DL
FIRE XF 38 B B0 A, 45 R 3 W ] DL A
PR T S R R T F- 2 L R EERSORS E $2 T
4%~T7% ., Shanavas ZE"HEETF CNN Fll RF 73248 = 46
TE A A UG rh R IO - ARG A A3 L AR A
FRAESEAT BT, AT T RAFAYRCR . A CNN
T G Ak 305 T A% 0 AR RS 80, 38 3:F ResNet50
SELRA I AR, BE S 1A B DL 7E - 38 P B A 53 28 07
T R AF MR RE™ . DL AL 5 28 Bl 5 URRAIE |
ZREHE R BE T AL S IR, A iURRAE 8T, 51 DL
RE A% 112 15 1 2% 1 000 0 22 B[] R S0 9 e 7, I
JRs BRAAETE T SR B $ e 4 RN AF BR
AT RE Sy, HE HAB B BURERT A

IR 7 BB EAE Gy i RS AN 5 i R 55
AR AHIZE 5V RE 8 A RO A Tl - 3 & 1 5 PR A
I 22 [A] A AR LR I R, AR DRV B X R 3 R4
XFFINFEA BA A% ThAE , LB Wil 135
b 23 (8] 53 A 0 ) =95V . Bl I TR HERS TR
) ML 2 SRR B8 S A 5 ARy T % 1
AR E AT, B AT DA 3 K B AR A B
ZEAR

4 T 8EFUME BTN H S B E ST

S T M 2 B RE B A AR OB A
TG BN SR FH 08 AR A XoF - 498 Jo b 2 (1] 4 A 164 7
MBI SE I , T 22 RN Rl B RO 18 BRI GR 2 1
SR S5 P BRI AR A RCA G RS R, LA S i T 14
FIARY /N RE XECT  E R R, B
PR~ 5 39 Jo b, =2 8] 178 DG R 5y T o, e AEL S5
PRI SR AR — 20, W] ) P [l A AR S
98 5 b 2 8] A3 AR /N ROBE T IO AT B 1 A7 i 1 S
=K B, an A A JE A HL (Unmanned Aerial Vehi-
cle, UAV) $5 2 = G g AL B de I iy o o (2
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P B LR S . Gu BT UAV @G f &
G 5t ND VIR - 2RI B {7 FF A T2 A5 780 4 4t o
M35 B R TR AR B (TTVDD)  HERRFRE T 38 &
K L HAETNE i UAV 358 R 6% a5 &R 44
SROGTE 22 5, BlA ETERRIE IR AE MBI A
FRAERAE 245 1, R UAV 8 GIE K 28 38 8ok £ 3 i
A 2RAR AL B . R UAV A% & 4y HER o A 3
AR B LAt BB HE T - 58 o b T A B
4 Zha ZEBIESE S B UAV 20 BT Sentinel -2B G4k
I 1) A B AL T e A e TN ) o R 5 e AR
UAV 55 5635 AT DA AS [R] A 48 o b 41 79 6 3% 75 R
T 225 ) AR s DX P 8 ST 43 A TS T R
JE X3, 32 A AR ERE ), 2t WUk =ik s AL
FREEARTRI SN IV R TR 1808 B A - J0 ) - 398 Jo b 52 i
BRI IR R 258 2% S AEd 2 1 IR
AR Ak, 3 A% PR A e 2 A A A R R L
FRAE , IE IR P 328 J 0L A TR R, 45 A b
ES TN I o103 e R 81w Y 5B 16 & A S
SN, 1 Rt A 1 o b R % BT A 1) W
VEFIARZE/AINEL . — 5 T, B DA B0 P s 2 e A
S AL RN R AR R RO E RS RRAE , B I 2t S
56 UF £ o T - HEASORL % # |, 10 Thomas 55745 H ¢
HHLUER<5% B 1 & <60% 1 BB Al 3 b 30O
A1 53 53 M (LDA) F1 Hp 21 2 56 3% (MIRS) 43 87 7T LA g
M PRI AT S A I T M, 9 5 MIRS X & -
St A T B LDA (% B 4R 24745 2 5 Benedet 55
FI 5 20 X P R 963 1 (pXRF) A a] WL £1.4h
T8 R 5% (VisNIR DRS) 43 1) 3% 8 e 4 i, 3R B
T RREAS I A R WY, 45 B LR S IR R
- 35 T M, 5 R B ANUf FH p XRS50k 0 55 750 2% B s
AT B {8 ] Vis—NIR DRS B8 iR 55— 5T,
AT DA Bl BB AR A IR BE AR A Sl - 3
T, I FHAE DL b TR R0 -1 S0 5 AH DG 48 A ] 32 i
e - 358 S b A AR AR O, 7 - S T b TR AR AR L LA
AEWF o B, 25 280 W A K X - 48 T b R
JEREY RE PR B AR A O R
T R A O - I 5 K 4 AR
A 0 T S5z e - S8 5 S, PR L DA B R BT AR sl
12 FA T A 4o 3 I A Y 9« P R X A
Py RE A A 2 T - 58 B b 1 3 A AR A
PP AR T 0~10 em H3ERLRE Ry RS R AR RS
St ) TIOIIRG R 3 2 A S I 4 K R AR
- N TE B R UR B (ARG T A N
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B WOLTE B2 2 m B AR o> B S U5 14
Jot AR Y fY E AR 10 45 G Sentinel— 1 Fl Sentinel -2
LAY SAR FIEG A EIG BE H A- S 18 5 AR RS 5 45 1
B DLEBO IR BUOC AL SRR I 43 R
F18) b TR B8 5 A1) P e SRR AR i B 2 R R Bl A S L
PRAFAE A0 B, ok S BRI DI A8 19 M 1 %
S 5 R SR TN R R A OC

TE - 58 o b 18 S SRUI BIFE A BE E JE SB—
Pt T WA R Y S b R L R A3 Rl A
S UEAE A 38 2k X AR TR (% R S0 A e R
{8, FEBCAN TR Ay 0 (R FOU A B8 o 3 4 FH T A A
FEVEAN I 46 bR AL 45 ARG B2 Kappa R TR E R AL
(R?) Y577 1% 2 (Root Mean Square Error, RMSE) Fll
SEIA 4 XF iR 22 (Mean Absolute Error, MAE) . Wu 2§11
N - ST A A 9 1 LB BEHL S A 2 4R 5 B ik
£ IGREEM T 732 e , B IEAE PR BB A T B
13 21 SVM A5 7L B AR 5 il Kappa 52 805351 2 0.94
0.79; AT 2 IRy AR D T 500 16, 45 4: 11
Ll 18] B AL 8 BB 25 A A 0 8 TR A A R G L] AT
frssl BN DAAE (I 5% AT AR ), S8 o oy T = 48 o
b8 25 [] A, e T RCHE AN AT sl , A )
FRIC UG B 38 IO AR IR S i 5 B R
TEPEAE AR i 1) T FE AT T DX, B E] R A 20
T PSR 1 BRI IX 5 5 1 1) 1 S AR LA
BR AR, R 2 e b DX, AT A B e A B BRI
fib 47 B 28 i (A3 (BE ) 52 B+ R 500 . W
SR X ERAE X — X L X L 3RS
TR S AR AR ) S B b S SIS A R AT T
i, BIF5E % B NDVI+ i JE F ) B R 3R I 4, B A
K5 BEF Kappa Z2 50535124 0.98 .0.92, 25 A 4 K
1 NDVI 2 340 53] 378 358 - 48 J5 b 24 1) 1) e A 1) 8
Zhou 25"V F £ B5F #H Sentinel -2 &%, X Hi % 7 75 F
(14 6] 7Y i A ) — Ach A b R A T g Bt 43 2 R ], 2
KWL Sentinel -2 B AL (B 5T 1) S ] 5t
B 20K B8 fie e L SRR B2 Ol 0.84, Kappa 5 50
0.76 , HER B 5T A1 IH — 1k 22 57 K 4448 %X (Normalized
Difference Water Index, NDWI) J& 3= 2 Fii il [H . Ak
ZFFE R B IR RRR IR Y A2 B AT IR 1
ST O BE 10 s | MR AR R AT R 2 A
2 S AGA B TR 13 B b 2 )™

5 RE

) P 288 e 0 B A DX B 0 o 8 J
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SEEALH, HREAR G X s B - 38 Pk A T
S N - AR AS 5 il B A {HL S A T A R £
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(1) 55 A - 3R MEAR 1L, 3R A s
AP IR 2 — R AE PR UL T FIRT BE B 00 T, I
3t TSN, A R IR T B G i 2R RGBS
A R AR B BOETEFRIE (ANZL e B , 2 T
188 I DG T R T ke — T PR Tk A DA - S AL
LR UL R AR AL XA E— BB AR R
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