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Abstract: [ Objective ] Soil organic carbon (SOC) plays an important role in soil fertility and the terrestrial ecosystem carbon
cycle. A detailed understanding of the spatial distribution of SOC is vital to management of the soil resources and mitigation of
the global climate change. With the development of the 3S technology, the models for predicting soil properties based on
environmental variables are getting increasingly popular. The purpose of our study is to try to simulate the complex and nonlinear
relationship between SOC and environmental variables, and evaluate the importance of soil attributes to accuracy in SOC
mapping. [ Method ] For this purpose, machine learning methods and a random forest (RF) model was applied to map the spatial
distribution of topsoil organic carbon contents for farmlands in the high-yield agricultural areas in Southeast Fujian. A set of
environmental variables (including 5 hard-to-obtain quantitative soil attributes such as hydrolysable nitrogen, available
phosphorus, pH, etc) and 11 easy-to-obtain variables (i.e. topography factors, vegetation indexes and climate factors) were
acquired through analysis of a large number of soil samples collected from that region, and then processed with the RF algorithm
to predict spatial distribution of SOC content in the topsoil layers of the farmlands of that region. Two different combinations of
the above variables were entered as input to RF-S model and RF-A model separately. The RF-S model functioned only on the
basis of easy-to-obtain variables and the RF-A model did on the basis of all the variables, both easy-to- or hard-to-obtain ones, for
predicting SOC. Root mean square errors (RMSE), mean absolute errors (MAE), Pearson correlation coefficients (r), coefficients
of variation (CV), relative errors (RE) and relative root mean square errors (RRMSE) of the two models were worked out for
evaluation of accuracy of their predictions, and screening-out of an optimal RF model for mapping SOC in the study area based
the raster datasets of all variables. Then cross-validation was performed to compare the optimal RF model with the Ordinary
Kriging (OK) interpolation model. [ Result] Results show that of the two models, different in input of environmental variables,
the RF-A model that functioned based on remote sensing variables, climate factors and soil attributes was much better than the
other in performance and could explain the most of the spatial heterogeneity of SOC. Compared with the RF-S model, the RF-A
model significantly improved in fitting and prediction (r increased by 7.95% and RMSE decreased by 45.13%). The SOC contents
of the farmlands of the region predicted with the RE-A model varied in the range of 14.7042.95 g-kg™' and were quite similar to
what was obtained with the OK model in spatial distribution, i.e. an ascending trend from the east coastal area to the western
inland of the study area. And despite sampling percentage, the RF-A model was generally higher than the OK model in prediction
accuracy, and in capability of capturing spatial heterogeneity, and preferred especially in the case of relatively fewer sampling
sites. Among the variables, hydrolysable nitrogen (N) was the most important one for the RF-A model, and followed by
elevation(DEM). Both of them significantly affected spatial heterogeneity of the SOC, exhibiting positive relationships with SOC.
[ Conclusion ] It is therefore concluded that the random forest model that functions based on remote sensing variables, climate
factors as well as soil attributes is a promising approach to predicting spatial distribution of SOC in Southeast Fujian. In addition,
soil attributes variables, such as N and P, should be taken into account for improving prediction accuracy for mapping of SOC in
regions with complex geomorphology.

Key words: Soil organic carbon; Random forest; Combination of variables; Spatial distribution; Accuracy evaluation
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Table 1 The composition of environmental variables
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1 BRAR 1
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KR HN . AR AP, HaH AK. 3SHtE8E Ex- Mg, pH

S A LR & R A AR R AR Z, BRI
ZrAis AU RE S 0000 e 7 AR i 48 AR 25 1 K/
X R AR VAT HIBRD, BRI 2 R I B e — A i
Ji RF #iRI4% 5S4 ( Out-of-bag Score, OOB Score )
38 DR T i R R R B, OOB Score {EL 1 i
bR, K2,

1.4 RF B EFNIIE

DA AR AU 3 S )28 S B AR A A, FILH] RF
PRI YEAT AT AILA 5 5t 0 R A B o RF AR 2 EE 7 7
e LA LA — R R ) ik, a2k
bootstrap fHAEIRIZ NREHLEEAS, Fl i X epE A
TFHE RS AR N DL, DT A B AL AR AR
MBI FH L0 T s, BT A SR S £ S
PIMEAE R e A T 25 SR 00 AR )i S A P 7
WEM N SE: n estimators Al max_depth, H:
1 n_estimators MR AR, B bootstrap
ERAEAY S, max_depth PSR A0 B ROIRJE
MR 0 3k FE v 7= 2E () OOB Score [ K/, RF-S il
RF-A #AIER (n estimators, max_depth ) 437
2y (1400, 9) F1 (1400, 12).

i PR R AR A G N B R I,
A YVNFEA SSAE AR GG E sS AT R e, Bbah, i
FARFEFEE 7 (20%., 30%. 40%. 50%. 60%
F70% ) A9 S A ALt S PEAG AR MR (AN,
80%FE £ L, RT 20%FF s BEATIRIE , AL HE ),
It 5 5 0 Hb GE T8 (B 7 ¥ — 5 v AR A (A
# ( Ordinary Kriging, OK ) Z53RUEFTXF . f#
W xiiezE (MAE), ¥J5RE%2%E (RMSE ), AHC

B (r) FIZESEZRE (CV) PTAs R R T 4 2 %of
wERM, HHAEXTE2ZE (Relative Error, RE) Fl
FAXT 4 7 H iR 22 (Relative RMSE, RRMSE ) &
AR HERR AR S, BB, BEAYME B
1.5 HiERERE

B E b B 2 R PR B AR R R I, RF A5 AU 2
IGE,  LAKCBE M A A ML ZS (] 3 A R A 2R 1 3 4
Jrin, EARWR

WA R, H e R E PR ArcGIS10.2
b2 A7 (AR R 3K 38 e B AR 43 ) R A 7 A 1R DA AR
B 30mx 30 m W& EHE . @R R NDVI I
TVIA B 45 %0 5 Landsat8 OLI %)% Boiz 15 5]
HEAKX SR

NIR —red (1)
NIR+red
1
NIRZred s )? x100 (2)
NIR+red

K, T4 4 (Near Infrared, NIR) FI1£05% (Red)
P BT % Landsat8 OLI $244 ) il ENVIS.3 %k
AT RAMLIE | itk . 5 S5 WAL B S AR B 5
X e % . MBI i) DEM tfR g4y 23 iR
ASTER GDEM 548 54l 46 Ak bR e 48 ik B F 5% IX.
IS AR I, T 4 DS HUB R T (B Bk
45 ) I ArcGIS10.2 # {4 Spatial Analyst 3k,

5T DEM 3458, KB FWs &l h 24 <
15 ERMECHE B2 48 FH ArcGIS10.2 %t -4 (A5 B v 2

http://pedologica.issas.ac.cn



892 + b1

=

58 &

HE B AL E ¥ (Inverse Distance Weighted, IDW ) i
H)5, FRHELTFSE XS RER2], SRaPRs
R B, R 30 mo B L IRIREE AR Y A
AR S, FIH ArcMap $2HUE 5+ 33A ALK 5L
FE s RIVC R I Rl 42 v Canlsl 1 o ), T
RF #5578 (14 4] 2 R B0IE

RF 155 % 44 S R 0 00 9 52 B34 38 5 Python
scikit-learn % /' RandomForestRegressor 5281, 28
i AH X AR HE ] B AR T B A feature_
importances J& M3

JLT RF BERUFT OK AR AU A Rl - 3 AT HLaR
2|54 B, TP AN RS AE SOC 25 [H) 7 i P
Tk LIRS o X RF BIRY K25 8] 53 BFF 0 30 m
) 28 SRR AR Bt | A DR AR R 0 PR A K X
NS B A BT RF-S 5 RF-A Bifd, 155

SOC 75 [l /3 A k& Jay . OK BEARINE LT A7 SOC #
A 5 A R o B VAR B EEORAEN 30 m 3k
B, R ArcGIS10.2 il KB SE AL SOC 25 [l 434
LRI

2 4 R

21 FZTEHAAT RF BEBFNEEXTEE

k2 R, HET2WHA L, RF-A Fl RF-S
BERURG BB, P P BEAR G (1>0.8 ) Flrfr 4578
IR (CV>23% ), MXFIRZE RE /NF 10%. (H5
RF-S BRI E, In AT 38 4 48 5 1) RF-A 57
iR %A B N, RMSE fl MAE 435I T %
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#2 MMARLEERAEAST RF HETNFEE

Table 2 Prediction accuracies of RF models under two different combinations of variables

SRS R A VSRETT S RIERT AL
A RMSE MAE Ccv RE RRMSE
Combination of Percentage of training Percentage of 0 » r
Models /(gkg )/ (gkg ) /% 1% 1%
environmental variables dataset /% validation dataset /%
RF-S RS+CF 100 100 2.83 2.24 0.88 23.06 -9.18 20.15
RF-A RS+CF+SA 100 100 1.95 1.57 095 27.09 591 13.89

. SRR AR AR IS B L3 4. Note: Detailed information of environmental variables for model input is shown in table4.

Wk 3 Fs , PiAp RF BORFUNAE () 345 SOC
SME IR BT, A% T 14 gke !, (HHT
55 5430 L R, AR R BUARME 22 (E I AR
A 2 el &8, PIFBIITE SOC IRMEIX ( RFUE
I3 40% LA WS Al SCIME , Wi7E SOC i {E X ( 5
FUA Ay 75% 4 1) B BARAR SEE , H = (AR AT
# (SOC>26 g-kg™') Frdi bEE/N, FrLAWIFf RF
IR ) T 45 SR e A B SOC KAy as Al AR 57
RIS, AT HEE AR RF-A R HUN{E

1) BRI A P 2T S PRZS SR, i e e AE X 38,
SOC Y sh &AL .
22 RFERRBETEEEMN

25 HBE TR g 2 2 1 1 T A ML T ) A
R 4 PR, SFBA AR m R B 2 5RO
My, 3 4 W0, 7E RE-S Bilirp | SRR E Y
FIEAS N DEM (23.22% ), SR 14350 d Bk HE
JPEE RN AL, AR B EERESS, (HRFT
HRR IR 58.20%, MKIH 4 3= Sl . AEhnA 48w

*3 FMHAREEMAST RFERMFMNERS SOC LMEX tt

Table 3 Comparison SOC measured value with prediction results of RF models under two different combinations of variables

i f/ME T SN FrifE 2 5 R AL
Models Min/ (g'kg™) Mean / (g'kg™) Max / (gkg™") SD/ (gkg™t) CV/%
SOC 1.51 14.04 31.09 5.22 37.18
RF-S 3.82 14.05 26.20 3.24 23.06
RF-A 3.28 14.06 27.39 3.81 27.10
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Fig.2 Cumulative distribution map of SOC measured value and predicted value of two different combinations of variables

#4 RFEZDFBETEFRUHF

Table 4 Ranking of relative importance of environmental variables of RF model

A ) 75 i R o B A2 75 A o
BB o
Category of Relative importance of environmental Category of Relative importance of
Models Models
variables variables variables environmental variables
RS-TF 72 DEM (23.22) SA KEER N (22.83)
CF AERARS IR Mint (16.64) RS-TF 7 DEM (16.47)
CF AF R IR Maxt (16.24) CF ARSI Mint (14.12)
CF AR Meant (13.45) CF AR Meant (111.00)
RF-S
CF AEI K R Rainfall (11.87) RF-A SA 50 P (10.56)
RS-TF #H = Curvature ( 7.16) CF SR /K& Rainfall (8.49)
RS-VI IT— AL AEPEFE B NDVI (5.73) CF AF A e Sl Maxt (7.77)
RS-VI AR S TV (5.69 ) RS-VI IH—fbAEDEHE 5 NDVI (4.41)
RS-VI HARAH IR B TVI (4.35)

TE: H55 P I EUE S & RS i PRI A (A B 2, AR AR 100%, 4% i @ BUIRIBUTHES . RS-TF, JEI&AE & P B 75
RS-VI, BB E; CF, RRRT; SA, RN, VIRZREMRES SME RF KR, <FR B RPN, Note:

The values in parentheses mean relative importance of environmental variables to each model, and are normalized to 100% and arranged in a

descending order. RS-TF stands for the topographical factor included in remote sensing variables; RS-VI, for the vegetation index included in

remote sensing variables; CF, for climate factors; and SA, for soil attributes. \/means variables retained and involved in establishment of

the model, and X means variables excluded.

AF Y RF-A SR N (W EZET DEM, (315
—, Wt B 3K A 2 5 ) ) 7 i b X AR SOC 25 ]
AR S EEEE T, H N il SOC 5 R A4,
EAS A2, 1A AP PE 5 NDVI FI TVI,
SR A R IR S SR, R R
TURRER S, XS [ Es R A Tt 2 R T st . 428

IR ARt TR A = R 23 0 S B R F- DEML,
FEREFE 2L NDVI, 4+ Mint 1138 J@ M N
23 ETAE#HEFERS LB ERI

TEARFRB MR A LT, XPF RF B L
K OK FERI IR A TONDRS B2 A TR 0, 25 ansk
5 P TENGEHRE T, ARHFEAE 5L, RF-S
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