Statistics and Application 422 5RF, 2023, 12(6), 1775-1784 Hans X0
Published Online December 2023 in Hans. https://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2023.126180

BT % RE MBS ETERBEHLRK
== [B)HEMIE 1R

% &, R9X%
KZRAHFRE, Py 4%

Wk HiA: 20234F10H30H; S HEM: 20234F12H23H; &4 HiH: 2023412 A30H

R

EBREPERER RO T, ZEH#EN (Spatial Prediction) & 8 f 2= B E R HARN 2R3 RBtTE
B #RMRR, AN EERXS 22 X0 SR B2 B R AT e R E B A E R . HLEsES)
TrAE R R B SR R 32—, CREMESHRPZENGEE, REEENHNEE,
ERARERLE AT RMERRRE ERE—PREHEIEE . AXETHEYATHENES, ¥
ENZ REMEEESEVRRERHENERE S, R T ET 2 REHERIETE KRS R
WEBE TR, SFAMeuse$IBEX Frij il AT AT LSS, FE SN EE. BEVLARMR 25 F#
WA, R PTRFEFHENEE . LRRE, ACRHWETZREMBEIFETE N FEILRMA
2 Al HEMI B AR 5 A3 T-RF. RFsp-MS (k = 0). RFsp-MS (k = 1). RFsp-MS (k = 2), A[3REGEIE#H:
R RIS R, LEMRSERBAEENAENZRSANEERNATEE. Bk, £REMERE
ZEIENFRREREN T EREERESETEERSZRMERAZFER, ARRELBEBTERNM
R, [FERBH AR EERERBE.

XK ia
EMEN, BEHLRRA, BRE, LBERE, THENE, Meuse$#EE

Random Forest Spatial Prediction
Modeling Based on Multi-Scale
Geographic Environment
Variables

Hui Wuy, Tianjun Wu

School of Sciences, Chang’an University, Xi’an Shaanxi

Received: Oct. 30", 2023; accepted: Dec. 23", 2023; published: Dec. 30", 2023

NEF|I M R REE T 2 USSR A U RHEINELD]. ZEitE 5 R, 2023, 12(6): 1775-1784.
DOI: 10.12677/52.2023.126180


https://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2023.126180
https://doi.org/10.12677/sa.2023.126180
https://www.hanspub.org/

HO

ol

Abstract

In the era of rapid development of data science and technology, spatial prediction refers to the
process of using spatial theory technology to model, describe, and represent spatial objects, and
based on this, qualitatively or quantitatively analyze and process the spatial relationships between
spatial objects. Machine learning method, as one of the commonly used inference methods in the
field of spatial intelligence, can fuse information from multi-dimensional auxiliary variables to im-
prove the inference accuracy of the model. However, it cannot effectively combine spatial position
relationship information to further improve the inference accuracy. Based on the framework of
random forest spatial inference, this article combines the multi-scale feature layer of covariates
with the random forest spatial inference algorithm, and proposes a modeling method for random
forest spatial inference based on multi-scale geographic environment variables. Meuse dataset was
used to conduct comparative experiments on the proposed method and compare it with the ran-
dom forest method and the spatial inference method of the random forest to test the inference ac-
curacy of the proposed method. The experiment shows that the random forest spatial inference
modeling method based on multi-scale geographic environment variables proposed in this article
can obtain more accurate spatial inference results compared to RF, RFsp-MS (k = 0), RFsp-MS (k = 1),
and RFsp-MS (k = 2), and soil mapping results also have more reasonable spatial distribution and
rich detailed information. Therefore, the random forest spatial inference method for multi-scale geo-
graphic environment variables can effectively combine independent variable information and spa-
tial position relationship information, effectively improve the accuracy of soil variable inference,
and output effective uncertainty expression information.
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PR EN R G(GPS). HL(E B RS (GIS) M KR(RS) L 5 A T BEABADACE a5 BH A,
AT MR, 5 ULRIR X 2 B AT R 5 B S RA[1] [2], RMESIESETFFRENE
T R A AVEE BN A I AR SCVE RS i, 5 HAR SRS A B AR L, s v AR B R I 2 S S i
FITVEMEUME R, 3X A4 LA 223 1) o 6 A R 0 5 07 VR IR ANE HY . 1970 4F, 312258 — €t i Toblert
[, A FR A 2 TR A S P s e, L LA H (192 “ Al things are related, but nearby things are more related
than distant things” o ZS[AIFHOCHE, FRIE “HPZ MIAHCVE S A O, @ kUL, AEFZR 755
(2R P8 B A ORI, AL A 1 2R 18 LUz A F) AR AR DG PR BB o 2 ) 25030 £ 20 A A0 2 P 2 P b 3L
S RS SR, 7R 2R, o EE BT S ) R s TR o R 1 e
WOELLE . B L ERABF R SRR, SN ST R, OB N B R R &
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R, B R R A (A A Y, o A B KPR T SR R SR, X HILAR A o S LA E B I s
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HAT, 2SN 77 R BAHE DL R L. Hgeit k4], AR vk 5] Hlass ) k. Hirss
(I HEI 7 i |32 L I 75 R M e vt 53 M v D7 32 1) ik At 45 0 2% [ [ A DX P Py 4 252 5 — e
A IR 2 8] S PR 2 B . BE T PR 22 88— e A B AR E . EE B INAL. A2 1n) B e RN R i %
T QA PR HEI J732:, DA Rl 5 L 4 (OK) 18 B o B AN ] A o BL 4 (RK) S AR A B TE Hb e vy i
S e PN VEAH LG, MG T T ReAE 45 th T e dee DL AR 45 SR K [RIINF, 45 20D 25 SR 0 AR sE Mgkt
{F R ME DAfE v 2 8] S S P () R, 9 s 2012 4, kB IE A5 [6]75 18 2% [a] v sl AT 2 ) IR G, 2 [H) 42
T AR I T B T 5 ) N BRI T 1 B R ZE R R, A3 T o B A U T R AR vk T R
ZEHE T HER AR BE I 4518

] U= 28 T 2 DA B 22 B — e 9 A, T RAA R BL R LSS 2ot AL 50 ] AR A
JUXCER AR T SRR MR AR =R A MRS ALL, OB HARRHERARIT . 204k
PERNARR B R R S0 A0, TR, MR, L. LI SRS HIR I NI AR B S R
i R, 14N MLR ZBR T8 0 A fltn, & EaaEEE A IR IER 704, HEISS FORZ AT RE s T
K. 1% A AR (Stepwise Regression Model, SRM)w]7E 45 & #1528 & F Ay gk 4Tk, FIF AIC
GRAEAR, I G R AR AR AT IR AR BIBR TU R A R, 2 EIL R R K. AR Y
IEATCATE A A s s, SOGE A MRS T o (B A IR £ H B0 A 15 100 A2 358 0 i X DA 4 A 3
3, AT PIERREE, SR, A oA . AR EAAE R S B A, FrEE S
JEPEARBIE () 5 al b, 2 A R 2 (AL B G R A5 B REETE— e 2 fE it m s R 2 . than: 2022 4,
KA R AE[T1R F s DA [ A AR T 4 N BB e A 8, IR 7 H 5 AN, GDP % B
)20, BOAIE T 38 B A ) b R R R

BLES 2% 2 JEAE AL R 2 Y P A8 B 40 D7 T R A WL 4], 2001 4F, Breiman [8]42 Hi B ALARK
(RF), 7 Hui Bl T RF & H T [H)9 ) {51 ; 2018 4F, Tomislav Z5[9]#2 1 BEAL AR A 4 [a] I HE 42 (Random Forest
for spatial predictions framework, RFsp), 4 il fity i BIREAS s (1) G2 B B AR 9 HEN Rl D N BB h, 3@
Tk SEGE B H AR T Hh G it 7 ik HE NS BE 19 24 s 2020 4, Sekuli¢ ZE[10]42 H T BEALAR bR 2 6] 166 {2
(Random Forest Spatial Interpolation, RFSI). %75 144 28T s (1) W0 I8 5 2 21 F00At7 R e BE B A D9 HE I X+
IINBIBENLARAR b, DAk 28 (A (G 45 50, JFI6AE RFSI O 45 A0 T 50 4. H oAb, 2 ) i) P Ak
BT 5 77 ) 22— A e 2 (R4 38 06 3R A5 R RN BN AR 2% 2] 7k [11], 3w 25 (eI RS 12 o 46T 1k,
ASCHE T 2T 2 RO b 38 R85 AR 1 1 [ L AR AR (1) 2 8] HE DU A% 7Y (Spatial Prediction Model for Random
Forest Based on Multi-scale Geographical Environment Variables), =% 5 78 i WL AR bR 4 8] H I HE 22 ) JL fik
b H AR 2 REERHE R Z SIN B R b, 22 ROFE SRR i RS 2 80 et 2 AR I 7 22, I Dhar
2% BRI () IR B AE R, 5 RE. RFsp STECAMT, BOAIE 1 1% 7 4 1945 TR 24 3

2. IREXSHEFR

X . NJYTEENAE & Al R 2 R R, A2 23 [ HEDN BT 78 07 T -3 ER IR P [12]) 2 B H , TRy 3
IR BEAEAE B PE B 2R A s () A AT a3, ARSIl Meuse $ £ st B2 Rt 7 X DA & 6,25 ) B AR (il
IMEAA AR, SR B bR 22 FRURE s B A 4554 8 0 B ATL AR P 2 TR AR Y [ 1.3]

2.1. AREXEER
RSO B EEAE AT 22 Stein A [T A BR 22T iz IX AR I R IX 8, A2 Fdb&s 51°42'54", R4 4°40'4"

DOI: 10.12677/5a.2023.126180 1777 gt FE 5N


https://doi.org/10.12677/sa.2023.126180

HO

ol

’ %Eﬂg

Z I,
2.2. WHRKIR

AW FEAR SR T 155 ANuk SO L ER B AR . DEM BEARIEE[14] . M FROKERSE, Bk
YLEH LR

1) R . DEFCR A sp A AL S Meuse BUHEAE . 1B AR SR T A B DLW
S VR Z DRSO AR B, b R ER R HIARZ N 15 m x 15 m IE GRS . ZEUR s T
155 AN g IR EEIR B, BTN molkge EAARMES Bk 1 Fs.

Table 1. Statistical information of soil zinc concentration data at 155 stations of Meuse

=1 BRZEW 155 MR HIRERERENGITHER

e HUH
Mg F A E 155
BKE 1839
B/ME 113
BN 326
Ji % 134743.2
PR 22 367.0738

2) DEM BBUHdE . B = A2 15 28 (Digital Elevation Model, fiiFk DEM)J& DTM s A I#4r, ©
T HLER 2 T U 3 ) — R S B R 0k . http://ahn.nl/ 15152 AHE 5t K F () DEM R R E03E () 3B
WA, HA R HEE Y 1 km.

3. ARAZE
3.1. ES[E)HEMI 5%

HAT, RN TR IR, WA AN B 55— N BUR A E TEATH SE T 45 4% SERHY
TIER R RE[16], HIe R, A RERET #Hﬁ?ﬁﬁ%%ﬁfﬁ,ﬁﬁwﬁ BB BOR AL
S INER R, WA SN — R ik e T gt e A ws, b & e iR SRRk, T
BT RBHESRIBON RAFAE, WA RS & 2 MR ER S AR, BRI, #EfE s, o
HER A DI I TR A A

3.1.1. BENARMZEHERN S ESER

BEHLARPR(RF) R AR AR IE A, 2 —Fh T~ 23 K R AR B S 7 [17] . — S SEHER 78 D& IE )
‘B BT A B 2 I R —.

RF ASJii b —Fh el 25 8] i 2 ()0 7922 [18]-[23],  RAFE MLA FRE7 S 50 i it -3 FE o 22088 7 R kE
BB AR KA R0 X PRS2 BRI HENR AT B (1 22 G0 o H DU sl A I, 5 301 2 7E B AR AR S 1)
22 1) B AH SR AR R s IR AR I 22 . 9 1 S IR AN 1), FRATTEE T RFsp (Random Forest
for spatial prediction)f7, A (1)K IE M-

Z(s)=f(Xs:Xg:Xp)
Forb, Z(s)y A AREA i s BRI HARR B IUH X /& R ST R AR B, RIEH 208 B R HDGEE R
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3.1.2. ZREMBFEERBEBEN RS EHENS ZS5ER

£ RFsp H A8 LI A0 oA R 57 B P At R A 1 At SR E 5 2 () SR IR [24] 0 ART,  AEREAS L B AR BUAS
(7] 3t PR 2 R R AT SR A PR, T LT SRR AR B 75 S A St SRR A A (A (R B S S . O TR R LR )
A, ASHEFUAE RFsp HOJEA_FRF A2 B 2 RERFAE R SNSRI T, ARYEREARDRE L, e Bl BN 2
PR o FLKEOAT BLo3 oot W AR S AR AR R P 3 0y, %000 WA AT X RFsp AR IR I BB 548 B k4T 20

HE, ARYE NS5 R S AR B T 2 B K B
d, =% =) +( - ¥o)

e (%, v, ) AT AR (%, vo) VIR RIALETR, RS HMFEAN
ro=r+Ar-k(k=0,1k)

Horfr, RN Ar =100 m, ZEELO m. 100 m. 200 m i R IR EERRAE, 4 BUL 1 EIIGE A  ER

RIS SRESH n T HEL 2 di < i RGP ITA 9 RO B A2 & HEBCT 294 X, T
HoPEHE x (E AR I BUE, TS 2 A ARRER IR NE, KR vEEEERA, 5
JEUA RO S HE N 2 A S T B 2 U b A 358 2 8 ) B AL AR MK 2 TR HETI (RFsp-MS) ik AR Y . R 3%
IEAN:

Z(s) = f (X5, X\ Xp )

Horb, xg AT 2 G453 B B0 RO IR AR &, BARRIT IR

Xs Xg
X —>{x1r0,x1r1,...,xlrk}u
X, —>{x2r0,x2r1, "'erk}U
K%hwﬁﬁ”ﬂ}

25 RS 1 B A 5 A0 P AL AR AR 2 [ DN B2 R s vT BA G R 3R

R RSP A =2 #hRK, BIMAMEE RS . DEM SRS, HdEabE 5, 193] 7 i3
AR B ) 2 N EAHIE Z DL e 2 5 HEM P AR S H R . VR . HIERM R, FEInANE M
I G s B BB IR P A ST AR A

BB IR AT DL R

BUE 1. 112k RFsp-MS 57

1) MHIBR 155 MFEAS SR B ER IR, FEAE R0 ARk AW IIME 5 4 AR BB 2H A A Datas

2) Data #% 7:3 I LLGI, RI5r R IIZREE S5t 4

3) MYIZREE R BIAS £, AR R 58 20 S B H B Tl s BE 55 Dist, 1 H 5 AN (1 REE S50
ITECEL, PE R BRI &, R AR N B BN

4) %k RFsp-MS A8, A ISR i 3Bk B2 o H B AR ) RMSE;

5) HEAFE PR ESHT R RMSE,  EHUR /NP RMSE, 4t 0T BB AL AR 1S40

R 2. Tk R AHEDN
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1) XPPER 1 AL BE N LAR AR S B DL KR A b B P 55 A8 B £ RFsp-MS 1%

2) FI ) RFsp-MS A5 YA T % pii i) LRI

IR 3 A XIRIIE

1) iz H F 3 A X E VAR 3 AT I IE 5

2) WiHth k=1;

3) kXL EAE R MR, B k AN 4 rEARSENIIZRSE, XEIR 1 M BE N RS
H DA KR (1 B PR SR A i RFsp-MS B2, A RFsp-MS A5 BN AR 1 38 b vk 4

4) PAT k=k+1, RFEFE =L, HF k=5;

5) AR A A A PPN B b MAE. RMSE. CCC. R%.

3.2. AT MIRE

SR S 56 HE W 25 SR A e S, L RF. RFsp-MS (k = 0) K AN [H] R FA) BB HLAR PR 1 2 [ 4
DRETIHEAT R LG, F A I SF 246460 1% 22 (Mean Absolute Error, MAE), 48 (2 A5 R HE L 5 2 Sl 15
FZAE A 75 R 1% % (Root Mean Square Error, RMSE), St (/2 A5 R ks, iR 25k, %
TN IR B BRAG:  4 58 & B (Coefficient of Determination, R?), 7& [FlAAHS thiZbn i & 3% 1 RN AL 4T
WHER . BARTT S, BRI RAS R y 2R RO RPE R A th PP . REBRK, SRR R &
A, WA R R, REBRN ORI G A N B — B0 5¢ & 4 (Concordance Correlation
Coefficient, CCC)iX VUM PFATFRAEI BALL R, AT

MAE:%%P(SJ—)—Z(SJ—)‘
RMSE =\/%j (2(s;)-2(s,))

R? = {1_ SSE}%
SST

2p0,0,
of +o7 + (s~ )
e 2(s)) RIS XL R s MBI 2(5)) 58 SBAIE 241 5 (RS2 BRI s N 258 SUBAIE A 8 SSE
A IRAE R HIRZE I A SST RSP wy 55 g, RIUGE SWIERIHE: 0,5 o, RIUGEY
WLDIE IRRHERE : p TR 5 LB 2 1A PRI AE 5% R

4. BERENSEE SRS
4.1, SEPHENSIES RS

BT RF. RFsp-MS (k = 0) LA K2 AN [R] JRURE 9 AL AR A 1A 22 ] 0 A 20 Py 2 ) 000 45 R LA B ANA R 1 I
(W 1y B2 BoR), TR IREER RS SR AE SRR EARAL, (BRI AR 22 5% BTG P 1(d) #E
MGEFTTE, INBE R BRI r,  BRZEI 7R F b X 3 ok 35 B LIS, VO X 3k i & &
B mE 2(c)MIATE A R AT A, HENARAEZE R R AR BUR I ACT SR 48 R b X, e b X
oA EAEBR 2 I R AR XA, SE PR B B R A4S Y, BRZEVA K AR R Bt DXk LAt X vy, 3
Bk S B A, B (A A AR — s X B R S, G S A B4 i X
PERFEATOL, BT — R A SR S . MIEE T HAt 778, 2 RUBE M PR 55 20 H ) BE AL AR bk 23 1]

M=

1
LN

CCC=
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Figure 1. RF (a), RFsp-MS (k = 0) (b), RFsp-MS (k = 1) (c), and RFsp-MS (k = 2) (d) soil zinc concen-
tration prediction maps
1. RF (@), RFsp-MS (k=0) (b). RFsp-MS (k=1) (c). RFsp-MS (k = 2) (d)- 155K B H#EMIE

Figure 2. RF (a), RFsp-MS (k = 0) (b), RFsp-MS (k = 1) (c), and RFsp-MS (k = 2) (d) soil zinc concentration pre-
diction uncertainty maps
2.RF (a)s RFsp-MS (k=0) (b)s RFsp-MS (k =1) (c)s RFsp-MS (k = 2) (d)-3% $E7K B HEM A 2 1

5 RF. RFsp-MS (k =0). RFsp-MS (k = 1) =Fh8 284 () AN @ VEE AR EL, RFsp-MS (k = D)8 (b ik
FERAXT RN, HE HARAE 2 A3 I 5104, RFsp-MS (k = O) [\ A2 PEAS RS 15 B D,
R IG5 s o 5 B A A e (T A L RO A SRR R D AR TR 22 o BT R R = MA [ 7 2 [ HE
777, RF. RFsp-MS (k = 0). RFsp-MS (k = 1)5 RFsp-MS (k = 2)7E &M bR #E 7= 5 T A [F] 2 b 3 B R 7E
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BRI M A B X3, RF. RFsp-MS (k = 0). RFsp-MS (k = 1)) vH: 22 5 A5 {5 55 70 A 08 i iR 7K
RFsp-MS (k = 2) BARIE /D37 # X B AR e 22, AEATD A /INER 7 XK S AR AR B i /K~ o 285 DU Al OAS [R] 2
TV 7 V5 B 0 235 B 5 A 2 PEAS BOR T, RFsp-MS (k= 2)HI 45 5 AR 15 35 B s ks B K ~F, 9 L
AR E I, RFsp-MS (k = 2)5 RF. RFsp-MS (k = 0) A LLFrHEZE T /)N, 5 RFsp-MS (k = 1)L,
AN 5 T B N A i R 45 B [25]-[28]. K, RFsp-MS (k = 2)455 7 (6 2 1) 4000 25 5 1 50 A SE &

#,

4.2. ZXHIEEER A

A SCHREH B2 RO I BEHLAR AR I 25 [A) A AL [29] 5 RF. RFsp-MS (k = 0). RFsp-MS (k = 1)38 X%
WESE RN 2 Fin. @R 2 iU, TEHEDDREFE J7 1, RFsp-MS (k = 2)#¢rm, RF A%, MR L

SREEEHRE, RFsp-MS (k=1). RFsp-MS (k = 2)#B= T 0.5, 1t B AL AL & FE 0o

Table 2. Accuracy of four speculative methods based on fifty fold cross validation
2 2. BT R IIER) HAHEN 5 R R A

JivE MAE RMSE ccc R?

RF 19.68986 29.49024 0.5036752 0.3466746
RFsp-MS (k=0) 18.22457 26.97146 0.55 0.4535104
RFsp-MS (k=1) 17.08588 25.09717 0.5354774 0.5711109
RFsp-MS (k = 2) 16.99222 24.14737 0.5481469 0.5868849
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Figure 3. Correlation diagrams of RF (a), RFsp-MS (k = 0) (b), RFsp-MS (k = 1) (c),
and RFsp-MS (k = 2) (d) based on observation values and predicted values
[# 3. RF (@)s RFsp-MS (k =0) (b). RFsp-MS (k =1) (¢)s RFsp-MS (k =2) (d)&F
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