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Fig.1 Location of the study area and the distribution of sampling sites
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Fig.2 Spatial distribution of environmental variables
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Table 1 BPNN model parameters of environmental variables
HArAE & TEFR AL 58 A2 2T i YTk YIZRIREL
Target variable Cycle times Number of neurons Training method Training times
IR 50 24 ADAPTgd 10000
AR IR 100 28 ADAPTgd 1000
ARSI B 50 32 ADAPTgd 100
R 100 45 ADAPTgd 1000
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%2 EFATEM RFEESY e L, R .
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R 3 1000
EER 3 500
AR K 3 1000
HRIRE 3 800

RSO 4 pH L AHLB S RO F o>
FDGTE M4l B RRIE S BV D Rl B AR i,
HEST AR R - AR5 B . AR EUT 89 MTEY
AR AR, TN R PR R0 e 1 A 5
We A REANTR] , i L2 3 T M X % PR AR R B BT
R BEARLAT BT 22 5, MOAT A X6 A ] P 2 3% T A
T A B AL B AT e ol TS B L AR MRS )

ERAMR ZE AR B AL AT 18, AR B A2 i HdE

TS PR R WA 1) e AR B R 2 . Hor
Elev {4l By 48 B 41 & & SOC. JGi F i FACI ~
FAC7. W Ui g 2 % widthl, width2, area2. stat
loc5 (VE: WRESEUE 8T n AARES n DI
S, ) ;5 Tem HIBIE R4 A2 pH. SOC, )t
1M FAC1 ~ FACT . W28 widthl | areal |
width2 . area2. end loc5; Pre FU4HBIZR A2 pH.
SOC. Jti¥ & M 4 FACI ~ FACT. Wit I 2 %
widthl, depthl, R_minl, areal. width2, depth2,
area2; Lst HFBIAE 54 G2 pH. SOC. JGilk £
4% FACI1 ~ FAC7. Wi 2 %4 start locl. depthl,
depthLocl, R minl. areal ., area2,

MIELR 746 ANFEAHBENLIE L 25% (187 4~) 1E



24 o AEEF

KT A LAP 2 W Ao RAUARA S 5 AL 2 3E B P % 42 R, LR35 B H 09T R

273

R FEAS O A T i iR 25 (Root mean
square error, RMSE ) | #tiE Z %L (R square, R?) Fll
— AR R %L ( Concordance correlation coefficient,
ccc ) RVF LR ) T R R . Horp, RMISE

/N, R2, CCC M, THOIM A s
1.5 TEEEMMITESZE

BEHLAR AR R g — R0, AR I 2R ()
T DADY-Ai i AL B AR O E AR e ]

ARAMRZE MR LGN, i 1278 o AR ) F 0 245
R MBOR, EEMEE R, RZWEEERMR. A&
SCIE I Xt AN [ - AR B A A B P TN
FEEVEATHER , P00 RS 2% R A 1 I A R ¢
BRABORAY LI A5 B AEPR

2 HZR51R

21 ST B

DA BRI AR f A A RS o AR X TR KD, BEAILAR X 746 A~ - SFE I A 55T N A TR 5 B Elev
MBI S A8 AR 22 R PT M 4578 H X8 (1) T2k SRR Tem ., AEX[E/KE Pre. HBFRIEFE Lst PUA4SIA
AR PR o 3 — A AR B AL I AR5 ) B IR TSR IE A 3 T .
I ASIMR 2R B IO FN Wz AR R R E L0, A5
#=3 METEREAEEIT
Table 3 Descriptive statistics of environmental variables
WA /M ISONE] ¥iE bR ARFE (%) i 5 45
Environmental variables Minimum Maximum Mean Standard deviation Coefficient of variable Skewness Kurtosis
B (m) -1 2044 215.19 407.44 189.34 2.46 5.29
FPR (C) 0 17.8 13.0 3.68 28.36 -1.56 2.29
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Table 4 Comparisons of the predictive accuracy of environmental variables between BPNN and RF models

RBEAS B A5 Y YIriRiRzE — B R B
Environmental variable Model R? RMSE CccC
NI BPNN 0.510 255.6 0.698
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Fig.3 Comparison between the measured and predicted values of environmental variables by BPNN and RF
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Fig.5 The importance of various soil properties to various environmental variables



24 #

125, KT ATAYZ W % Fo AU S 3 AL 2 3F 8 P £ 2 %, L3R5 2R 09T 1 277

A Jirt it DX S0 LG SE I =7 5 1 Tem (5] 4b) Al
Pre (& 4c) TR ZEBELUZR LS, ERILL
Jb, IR, KRB, Tem Fl Pre HYFIIE &
FAE, MAEZRIL LI, RS, BKRE,
Tem F1 Pre A BUME I FSCME . 7T 0L, RF R
ﬂ%%ﬁﬁEMﬁMEzﬂﬁ“*ﬁﬁﬁ B = Ak
MIIRGE, X2 T BEALARAR ol Z A58 19 25 S HCF-
VI, (TSI A (e L S (N, R

— 5 0 22 At AR TR gk it v A TR N o i
(2) ARSI IR, AN A Bt I8 R 2 it

AT RSN, Bk — 20 R 3 X B R R 0 258 - R
SR AT, A% 4 T M SRR SR AR SR PR M Y
WEEE. (3) fE=EREE L, AU ER [ 7R

A AT TR, dE— i R E A
FIREATOTTE . (4) ARSC e 4 58w 1k St - #1858
R BAER )T 1 Bt AT TR, F— %Hﬁﬁmﬁ
Ao AR AR B PR AR ST LS DR R,
1M1 YR IR R S %

3 45ig

AR SCHE T 22 0 48 FIRE HL AR AR B AE 5 1 4
U A B R I PR 58 B R AR B Ry Il A, AR
1] 2 0t 3 0~ S 2 P A2 A% 2 ) R T R DX Ay 7
FEXIFIE TR, BRI 458 (1) FHPLES
?ﬁ%ﬁﬁiﬁ%%ﬁ%ﬁﬁ,@%iﬁﬁﬁﬁﬁ
B AR B R AT (2) MH%ECT BPNN B,
lmﬁmfﬁﬂﬁﬂﬁ E*ﬁﬁr&T&%ﬁM@
BEE, JFHUNZGRd RN e 5 RF AU AE T 451 %)
IR Z MR ARG A, Al AR £ s

R 51% UL ERE R R s m) A8 55, (HJE4a/N T
TR AR f (BRI L, TR A e — A

(3) I XG4 e JEE AR P49 A I 1 00 o 2 LG
A PR R AN M R T R, U T AR SR ] X
R 2 TP T 14 25 1) 2 57 RE S A M A

S -

[1] Moore I D, Gessler P E, Nielsen G A, et al. Soil Attribute
Prediction Using Terrain Analysis[J]. Soil Science Society of
America Journal, 1993, 57: 443 — 452.

[2] Thompson J A, Bell J C, Butler C A. Digital elevation model
resolution: effects on terrain attribute calculation and quantitative
soil-landscape modeling[J]. Geoderma, 2001, 100: 67 — 89.

[3] 5‘/ M, B EE, ZRRE, % . DEMMHE 2 9 R 0 £ongktt +

— 5 OUABE Y R KL ) 141 7 14 B2 W 3] - 2741, 2008, 45:

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

971 —9717.

Piccini C, Marchetti A, Francaviglia R. Estimation of soil organic
matter by geostatistical methods: Use of auxiliary information in
agricultural and environmental assessment[J]. Ecological
Indicators, 2014, 36: 301 — 314.

Zhang Y K, Ji W J, Saurette D D, et al. Three-dimensional digital
soil mapping of multiple soil properties at a field-scale using
regression kriging[J]. Geoderma, 2020, 366

B, B, AR, SF B TRONI AR BA S 1 — e
FE IR SR BN D). 324, 2007: 961 — 967.

ZEJRAL, B4, TRICTL, 45 SET b 28 ) 45 R R e 2y
TR0 L3R 232 (B A AT TS [9]. AR S 4R, 2013, 24: 459 —
466.

MUK, TR, BR O, 5. R TR RELAR ARG 1k RO B P
A A LT ZS 0N (1] A SRR AA AR, 2017, 32: 1074 -
1086.

ERB, SEMEVK, BR OV, A R T 2 0SB S DL
MBI L HEF HLS BUNATZE (0], L3R, 2016, 53: 342 -
354.

Liu F, Zhang G L, Song X D, et al. High-resolution and three-
dimensional mapping of soil texture of China[J]. Geoderma, 2020,
361

Liang Z Z, Chen S C, Yang Y Y, et al. High-resolution three-
dimensional mapping of soil organic carbon in China: Effects of
SoilGrids products on national modeling[J]. Science of the Total
Environment, 2019, 685: 480 — 489.

WO M TR, TR AR R Y 1 — 3R
KRBT R [T]. 114, 2018, 55(1): 54 — 63.
Ramcharan A, Hengl T, Nauman T, et al. Soil Property and Class
Maps of the Conterminous United States at 100-Meter Spatial
Resolution[J]. Soil Science Society of America Journal, 2018, 82:
186 —201.

Rossel R A V, Chen C, Grundy M J, et al. The Australian three-
dimensional soil contribution to the
GlobalSoilMap project[J]. Soil Research, 2015, 53: 845 — 864.
Wald C. Forensic science: The soil sleuth[J]. Nature, 2015, 520:
422 — 424.

grid:  Australia’ s

Tighe M, Forster N, Guppy C, et al. Georeferenced soil
provenancing with digital signatures[J]. Scientific Reports, 2018,
8:3162.

Jenny, Ha N S. Factors of Soil Formation[J]. Soil Science, 1941,

52(5): 415.
RPN A Bk, BETII, A BT R BB aR A R ER (D).

MR, 2018, 37(1): 66 — 78.

Rosero-vlasova O A, Vlassova L, Perez-cabello F, et al. Soil
organic matter and texture estimation from visible-near infrared-
shortwave infrared spectra in areas of land cover changes using
correlated

Development, 2019, 30: 544 — 560.

component regression[J]. Land Degradation &

XuDY,MaW Z, Chen S C, et al. Assessment of important soil


https://doi.org/10.2136/sssaj1993.03615995005700020026x
https://doi.org/10.2136/sssaj1993.03615995005700020026x
https://doi.org/10.1016/S0016-7061(00)00081-1
https://doi.org/10.1016/j.ecolind.2013.08.009
https://doi.org/10.1016/j.ecolind.2013.08.009
https://doi.org/10.1016/j.scitotenv.2019.05.332
https://doi.org/10.1016/j.scitotenv.2019.05.332
https://doi.org/10.2136/sssaj2017.04.0122
https://doi.org/10.1071/SR14366
https://doi.org/10.1038/520422a
https://doi.org/10.1038/s41598-018-21530-7
https://doi.org/10.2136/sssaj1993.03615995005700020026x
https://doi.org/10.2136/sssaj1993.03615995005700020026x
https://doi.org/10.1016/S0016-7061(00)00081-1
https://doi.org/10.1016/j.ecolind.2013.08.009
https://doi.org/10.1016/j.ecolind.2013.08.009
https://doi.org/10.1016/j.scitotenv.2019.05.332
https://doi.org/10.1016/j.scitotenv.2019.05.332
https://doi.org/10.2136/sssaj2017.04.0122
https://doi.org/10.1071/SR14366
https://doi.org/10.1038/520422a
https://doi.org/10.1038/s41598-018-21530-7

278 + 3 @ Wk % 52 &

properties related to Chinese Soil Taxonomy based on vis-NIR SR Yese2FR, 2012, 32(8): 297 — 301.
reflectance  spectroscopy[J]. Computers and Electronics in [281 i, T HEF, BLER, 45 T AN TSm0 +35A LR
Agriculture, 2018, 144: 1 — 8. g GRS R [T]. AR, 2009, 46(3): 391 —397.
[21] s S Eeode, % A&, & P EEE NS R RS [29] Breiman L. Random forests[J]. Machine Learning, 2001, 45(1): 5 —
FEAHBOGIE T AERI]. b ERE R EL 2, 2014, 44: 32.
978 — 988. [30] 3K &, EMM, IKEK, % BEYLARAME LS AR A
[22] 43CH, & S 3, 5 JLRASIRIZES 4358 (1) VIS-NIRG % BEEP R —— LA =B S TBER R B [0]. 427524, 2014,
ik K AT HIL BT IS I BE[D]. 204015 2 K B2 4R, 2012, 31(3): 34(3): 650 — 659.
277 - 282. [31] BObfe AT M4 AR LR H[D]. I PUR2E, 2003.
[23] 2BFR, #a4, WHFE. FEEmBM]. J6a Bk b, [32] Claudia L, A B P, CIM, etal. Robust and Accurate Shape Model
2014. Matching Using Random Forest Regression-Voting[J]. IEEE
[24] BKH%E, 2FR. EHEEA S E T kM. JEaT: Bl i transactions on pattern analysis and machine intelligence, 2015,
#t, 2012. 37(9): 1862 — 1874.
[25] Wik, il IRt K 43 RIS (D). PE22: DL Tolk K27, [33] SRHFE, s S, KRB, S5 et A2 b UF e a5 ok
2006. K[, EHEFHR, 2020, 57(5): 1060 — 1070.
[26] fH i, 25 8. IXEUK TR EAE ) 255 3P0 — T80 [34] fhEpf, BER, B &, S W 23— 50l BT R 4
IRBIR ] RV IR S TR, 1999, 8(2): 168 — 173. HeJm s 1R 434 Bk 0], L4, 2008: 837 — 842.
[27] 2 B VRS, sk3EE FET ] W — 3 £LAMais e 32 i or Iml [35] ZEWTeT, BRARiM, BB, 4. JETREYLARAR S Mg 150 Sk Tl
VAL i o /1> 3 1] U R T A 4 Ao 2 T 4 %o - 98 280 ) T 1F +HEPAHS /M [T]. H EFREERIE, 2019, 39(12): 5240 — 5247.

Predicting of Key Environmental Factors from Soil Properties Based on
Artificial Neural Network and Random Forest Learning Model

XU Jia"2, LIU Feng", WU Hua-yong', SONG Xiao-dong', ZHAO Yu-guo'?, ZHANG Gan-lin"*?
(1. State Key Laboratory of Soil and Sustainable Agriculture, Institute of Soil Science, Chinese Academy of Sciences, Nanjing 210008,
China; 2. University of Chinese Academy of Sciences, Beijing 100049, China; 3. Key Laboratory of Watershed Geographic
Sciences, Nanjing Institute of Geography and Limnology, Chinese Academy of Sciences, Nanjing 210008, China)

Abstract: Soil is closely related to its formative environment. How to use soil properties to accurately predict the asso-
ciated environmental information is an important research problem in soil forensics. About 746 soil samples were se-
lected from Beijing, Tianjin, Hebei, Shandong, Anhui and Jiangsu in eastern China. Four key environmental informa-
tion (elevation, average annual temperature, average annual rainfall and surface temperature) were predicted based on
basic soil properties and spectral data using two machine learning models (neural network and random forest). Root
mean square error (RMSE), determination coefficients (R?) and concordance correlation coefficient (CCC) were used
to calculate the prediction accuracy. Results showed that the prediction accuracy of the two methods were between
0.39 and 0.61. Compared with the neural network model, the spatial variation of environmental variables using ran-
dom forest model were increased by 9.9% (elevation), 16.5% (average annual temperature), 10.3% (average annual
rainfall), and 10.9% (surface temperature). And altitude and rainfall in this study area showed a better prediction ac-
curacy than the other environmental variables. This suggests that the machine learning methods can be effective for
predicting environmental information based on soil properties. This study provided a technical support for identifying
the source of unknown soil samples in soil forensics.

Key words: Soil forensics; Neural network; Random forest; Environmental factor; Soil attribute
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